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ABSTRACT

SMART MACHINING SYSTEM PLATFORM FOR CNC MILLING WITH THE
INTEGRATION OF A POWER SENSOR AND CUTTING MODEL
by
Min Xu
University of New Hampshire, May, 2007
Novel techniques and strategies are investigated for dynamically
measuring the process capability of machine tools and using this information for
Smart Machine System (SMS) research. Several aspects of the system are
explored including system integration, data acquisition, force and power model
calibration, feedrate scheduling and tool condition monitoring.
A key aspect of a SMS is its ability to provide synchronization between
process measurements and model estimates. It permits real time feedback
regarding the current machine tool process. This information can be used to
accurately determine and keep track of model coefficients for the actual tooling
and materials in use, providing both a continued improvement in model accuracy
as well as a way to monitor the health of the machine and the machining process.
A cutting power model is applied based on a linear tangential force model with
edge effect. The robustness of the model is verified through experiments with a
wide variety of cutting conditions. Results show good agreement between
measured and estimated power.
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A test platform has been implemented for performing research on Smart
Machine Systems. It uses a commercially available OAC from MDSI, geometric
modeling software from Predator along with a number of modules developed at
UNH.
Test cases illustrate how models and sensors can be combined to select
machining conditions that will produce a good part on the first try. On-line
calibration allows the SMS to fine tune model coefficients, which can then be
used to improve production efficiency as the machine “learns” its own capabilities.
With force measurements, the force model can be calibrated and resultant
force predictions can be performed. A feedrate selection planner has been
created to choose the fastest possible feedrates subject to constraints which are
related to part quality, tool health and machine tool capabilities.
Monitoring tangential model coefficients is shown to be more useful than
monitoring power ratio for tool condition monitoring. As the model coefficients are
independent of the cutting geometry, their changes are more promising, in that
K Tc

will increase with edge chipping and breakage, while

KTe

will increase as the

flank wearland expands.

XV
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CHAPTER 1

INTRODUCTION

Abstract
This chapter provide an overview of the prior art in smart machining
systems (SMS) including Computer Numerical Control (CNC) machines, process
models, NC languages, Open Architecture Control (OAC), feedrate optimization,
and Tool Condition Monitoring (TCM). The goal for this research is then defined
and a general overview of the rest of the dissertation follows.

1.1 CNC Machines
In 1949 the US Air Force commissioned MIT to develop the first
“Numerically Controlled” (NC)

machine to manufacture complex curved

geometries in 2D or 3D. It was demonstrated in 1952. The dominant advantages
of NC machines are:
•

Easier to program; easy storage of existing programs;

•

Easy to change a program;

•

Avoids human errors;

•

NC machines are safer to operate;

•

Ability to produce complex geometry.

l
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The abbreviation CNC stands for Computer Numerical Control, and refers
specifically to a computer "controller" that reads instructions prepared according
to the IS06983 standard [ISO 6983] (also known as “G Codes”) and drives the
machine tool, a powered mechanical device typically used to fabricate metal
components by the selective removal of metal.
The introduction of CNC machines radically changed the manufacturing
industry by providing more flexibility with the ability of multi-axis, multi-tool, and
multi-processes manufacturing, reducing the operator intervention dramatically
with improved automation, resulting in more consistent and accurate workpieces.
CNC machines today are controlled directly from NC files generated by
CAM software packages, so that a part or assembly can go directly from design
to manufacturing without the need of producing a paper drawing of the
manufactured component.

1.2 Smart Machining Systems
The demand of cost effective manufacturing of the first part and every
subsequent part to specification and on schedule has led to investigations into
the development of ‘smart’ machine systems. In December 2002, the National
Institute of Standards and Technology (NIST) workshop on “Smart Machine
Tools” brought industry, academic and government agencies together to identify
capabilities and needs for smart machine tools. The workshop was organized by
the Integrated Manufacturing Technology Initiative [IMTI] association to “assess
the needs, opportunities, and requirements for increasing the intelligence of

2
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machine tools for material removal.” The participants identified a number of
important research areas and defined the characteristics of a “Smart Machining
System” (SMS): [NIST]
•

Self recognition and communication of their capabilities to other parts
of the manufacturing enterprise:

•

Self monitoring and optimization of their operations;

•

Self assessment of the quality of their work;

•

Self learning and performance improvement over time.

To

satisfy

these

characteristics,

new

methods

are

required

to

communicate the part requirements, control the machining process, describe the
physical components and store the history. Models and sensors should work
synergistically to improve both the machining process and the accuracy of the
models themselves through on-line calibration. Machining conditions need to be
selected and adjusted automatically to produce parts of the desired quality with
maximum efficiency. Various hardware and software components need to be
seamlessly integrated into new or existing machining systems to meet the
defined characteristics of a SMS.

1.3 NC Language
Current NC programs are written in the G&M codes standard which was
developed in the 1950’s and evolving into such format as the ISO 6983 standard
that is based on the tool path and machine status description. These programs
do not include information about part geometry, features, tolerances, material

3
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properties, fixture location, material removal rates or other information developed
during the design and process planning stages. This information is stripped out
when converting to G codes, severely limiting the ability of the controller to
optimize machining or react to disturbances. Fine tuning processes to maximize
performance with current methods is very expensive, tedious and time
consuming, and cost effective only for very large part lots.

1.3.1 STEP-NC
STEP-NC, an international standard - ISO 14649 “Data model for
computerized Numerical Controllers,” is an enabling standard that provides the
potential for using the digital product model as machine tool input. STEP-NC
extends STEP (ISO 10303) - the STandard for the Exchange of Product model
data into the NC world.
Contrary to the current NC programming standard ISO 6983, the ISO
14649 is not a method for programming and does not describe the tool
movements for a CNC machine. Instead, ISO 14649 provides an object oriented
data model for CNC’s with a detailed and structured data interface that
incorporates feature based programming where there is a range of information
such as the feature to be machined, type of tools used, the operations to perform,
and the work plan [Week 2001].
1.3.2 NCML
A conceptual description of process plans called NCML (Numerically
Controlled Markup Language) has been developed [Jerard 2002], NCML was

4
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shown to successfully improve data transfer and communication between the
design and manufacturing stages of the machining process. Based on the
extensible Markup Language (XML), NCML is an ideal data exchange format for
the web. A prototype system is developed to illustrate how NCML can be
effectively used to conduct E-Commerce for custom machined parts [Ryou 2001].
NCML was expanded to include cutting tool and machine tool descriptions
[Schuyler 2005]. A new Document Type Definition (DTD) hierarchy is developed
to store the history of online machining operations. The DTD is focused on
storing dynamic machining information for a particular job (part or series of parts).

1.4 Process Models
Highly accurate process and performance models are necessary
components to enable smart machining systems to behave in a predictable and
controllable manner. Mechanistic process models use the mechanics of the
milling process to estimate forces on the cutting tool and geometric models are
used to determine the actual cutting conditions from tool path and workpiece
definitions. They can be further combined to either predict the outcome of a
machining operation in terms of part quality, tolerance, and surface finish, or to
determine the optimal feedrates and/or spindle speed for a specific cutting
scenario.
There has been significant research reported in modeling the mechanics
of milling. A series of papers by Kline et al. [Devor 1980, Kline 1982] presented a
mechanistic model which considers the tangential cutting force to be proportional

5
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to the chip load and the radial force to be proportional to the tangential force. The
size effect is captured by the nonlinear empirical relationship between specific
energy and uncut chip thickness. Altintas presented a linear edge effect model in
which the tangential force is split into a cutting component and a parasitic
component (also known as an edge, rubbing or plowing force) [Yellowley 1985,
Altintas 2000], In this model, cutting forces are linearly proportional to both chip
thickness and contact area. Both models have been shown to be reasonably
accurate at force prediction when model coefficients are properly calibrated
[Fussell 1992, 2001, 2003, Jerard 2000, 2005, 2006],
DeVor and Kline presented a mechanistic model that includes runout in
the milling force estimation [Kline 1983],

Sutherland and DeVor included tool

deflection in this cutting force model [Sutherland 1986], Yun and Cho presented
a procedure to determine the cutting force model coefficients for a given
workpiece and cutter, regardless of cutting conditions [Yun 1999, 2000, 2001]
based on work by Altintas et al. [1996]. This model is also shown to be capable
of estimating runout by using one cutting force measurement [Yalcin 2004].
Erzan [2003] investigated the accuracy, ease of use, and computation
time of four different models: a linear volumetric model, a nonlinear volumetric
model, a simple mechanistic model [Kline 1983], and a more complex
mechanistic model [Yun 2001]. While volumetric models are easy to use and
take less computational time, the mechanistic models are more accurate at
estimating cutting force. The mechanistic models are nonlinear and/or discrete
making calibration difficult and time consuming.

6
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Yalcin investigated five different mechanistic force models either with an
edge effect force component or a size effect component [Yalcin 2007], The
models are evaluated for average tangential force prediction and ease of
calibration using a variety of experiments with different flat end mills and
workpiece materials. The models are shown to be much more accurate than a
simple volumetric power model in predicting average tangential force. The
performances of all the mechanistic force models are similar, with the linear edge
effect model and the nonlinear size effect model showing the most potential for
feedrate selection.

1.5 Open Architecture Control
Open architecture control (OAC) is a controller that is designed and
constructed for integration of new measurement and control devices and
software modules by permitting access to a given set of internal controller
variables [Koren 1998]. OAC is the key to provide the link between process
models and the actual machining process. Based on the models and sensors
input, OAC makes it possible to calibrate mechanistic models online, to monitor
and control the machining process in order to avoid and/or diagnose mistakes,
and to optimize productivity.
Open Architecture Controllers have been implemented as custom built
systems as part of various academic research projects [Altintas 1994, 2000,
Jerard 2000, 2005, Koonce 1996, Koren 1996, Park 1995, Wright 1998,
Yellowley 1994]. Through a market survey and discussion with industry

7
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representatives, Katz et al. [Katz 2000] found that industry shows great interest in
adopting open architecture control. Even though most of the companies claim
that their PC-based products are open architecture systems, the use of the PCbased architecture does not guarantee the openness of the products without
support of the open hardware and software. The recent activities by OAC
initiative groups, such as OMAC (Open Modular Architecture Controller), OSACA
(Open System Architecture for Control with Automation Systems), JOP (Japan
FA Open Systems Promotion Group), and the University of Michigan ERC/RMS
(Engineering Research Center for Reconfigurable Manufacturing Systems) have
achieved a lot in terms of definition and concept of the OAC, reference
architectures and testbed examples, and standardization.
There are a number of commercially available open architectures (e.g.
MDSI, Fanuc, Siemens, Okuma). The MDSI Open-CNC controller [MDSI] is
based on a single CPU system with a real time control. It only uses about 5% of
the processing cycles of the CPU, leaving the other 95% for user programs. It
can run on a Windows XP operating system. While Windows XP was not
designed to be a real-time operating system, the RTX extension from VenturCom
[VenturCom] has proven itself to be robust. In this research, a FADAL VMC-40
(FADAL EMC is used instead after 2005) is retrofitted with an MDSI Open-CNC
controller.

8
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1.6 Feedrate Optimization
The traditional method for selecting cutting conditions is based on
recommendations from tables [Machinability Data Center 1980], company
standards, an expert’s knowledge, or a combination of these. Conditions defined
by a set of tables are necessarily limited because many factors, such as the
condition of the machine tool, part tolerance and surface finish, or tool condition,
are not taken into account.
The advent of the modern CNC machine has further exacerbated the
problems associated with using tables for choosing cutting conditions. CNC
machines are often used to make complex parts with varying geometry, requiring
extremely long programs, and multiple tool changes. Cutting conditions for these
cases are selected by using the recommended cutting conditions based on the
worst case for a group of tool moves. The cutting condition selection process is
both time consuming and ineffective for machining parts.
The ability to automatically generate an optimum process plan is an
essential step toward achieving automation, higher productivity, and better
accuracy in CNC machining. Some researchers [Jang 2000, Wang 1988] have
developed a feedrate scheduling system with the strategy of keeping material
removal rate (MRR) constant. Baek et al. focused on finding optimal feedrates for
face milling operations in order to maximize MRR with a surface roughness
constraint [Baek 2001]. Li et al. [Li 2003] also studied an off-line feedrate
optimization based on MRR integrated with CAD/CAM. Some commercial feed
rate scheduling modules, e.g., CGTech’s Optipath [CGTech] and Mastercam’s

9
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HiFeed [MasterCam], typically use the volumetric approach to set the feed rate.
However, MRR does not always relate well to cutting forces. It can be shown that
different cutting forces occur with different cutting conditions that have the same
MRRs [Erzan 2003].
Spence and Altintas [Spence 1994] developed a process simulation and
planning system that utilizes solid modelers for the workpiece geometry
description. Feedrates are scheduled through the use of the tool/workpiece
intersection data provided by the solid modeler and a flat end mill mechanistic
model. Research work on feedrate optimization by Chu et al. [Chu 1997]
indicated that static and dynamic cutting characteristics change dramatically for
different local shape features. Lim and Menq [Lim 1997] proposed a strategy to
optimize the cutting direction and feedrate for complex surface machining.
Fussell et al. [Fussell 2001] developed a feedrate process planner for complex
sculptured end milling cuts from mechanistic and geometric end milling models.
The selection program used tool deflection, surface finish, tool failure and
machine power data to set constraints on the cutting force and the feed-per-tooth
for rough, semi-finish and finish passes. Guzel and Lazoglu [Guzel 2004]
presented an off-line feed rate scheduling system based on the edge effect
cutting force model developed by Altintas [Altintas 2000]. Ko and Cho [Ko 2004]
presented an analytical model of off-line feed rate scheduling to determine
desired feedrates for 3D ball-end milling. Runout and cutter deflection are
considered in the calculation of the uncut chip thickness. Transverse rupture

10
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strength of the tool is used to determine the reference cutting force at which
resultant cutting forces are regulated through feedrate scheduling.
Lee [Lee 2007] determined the reference cutting force by considering the
transverse rupture strength of the tool material and the area of the rupture
surface. A finite element method analysis was performed to accurately calculate
the area of the rupture surface.
Deshayes et al. presented the idea of robust optimization for smart
machining systems by introducing uncertainties in the determining decision
variables. Based on a prototype, they demonstrated the concepts for robust
optimization with a test case in turning and developed requirements and
challenges for a generic optimization system in an SMS [Deshayes 2005].
In this research we develop a feedrate optimization technique combining a
linear tangential force model [Yellowley 1985, Altintas 2000] with constraints on
part quality, tool health and machine tool capabilities.

1.7 Tool Condition Monitoring (TCM)
For a smart machining system, it is necessary to assure normal cutting
conditions and to recognize abnormal states in the machining process by using
computerized monitoring systems. The timely, in-situ detection of the wear state
of cutting tools and the recognition of their breakage is seen as essential to the
improvement of productivity and cost effectiveness.
Since surface quality and dimensional accuracy are strongly dependent on
the tool condition and unrecognized tool failures may cause serious damage to
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the machine tool and the workpiece, considerable research effort has been made
in the area of tool breakage detection and tool wear monitoring. Some good
literature reviews may be found in [Liang 2004, Prickett 1999, Rehorn 2004].
A broad spectrum of on-line sensors have been implemented that use
acoustic, optical, electrical, thermal, magnetic, etc. sensing systems. However,
implementation in a commercial setting is fairly limited [Liang 2004].
By extensively reviewing and categorizing over one hundred important
papers and articles, Rehorn et. al. identified the trends and potential weaknesses
in TCM research [Rehorn 2004], They concluded that future TCM systems will
have to be based on inexpensive, simple and rugged sensors and methodologies.
Ease of operation, maintenance and installation/upgrade will be paramount.
Ritou et. al. analyzed three process-based indicators dealing with TCM
and found that specific transient cuttings encountered during the machining of
the test part reveal the indicators to be unreliable [Ritou 2006]. A versatile inprocess monitoring method is also proposed by estimating the relative radial
eccentricity of the cutters at each instant based on force measurement.
Jemielniak [1999] presented the state of the art in commercially available
tool condition monitoring systems. Spindle motor power is widely used in TCM
systems because it is relatively simple to measure and the sensor does not
adversely affect the machining process. These power monitoring systems are
often based on a constant threshold monitoring strategy where the measured
power signals are compared with a preset threshold that is assumed to be
correlated with tool breakage or a certain level of tool wear [Prickett 1999,

12
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Rehorn 2004], Although the constant threshold monitoring strategy is easy to
apply, it is only valid for a particular set of machining conditions. It is easy to
report false alarms because the threshold does not consider the effect of different
cutting conditions. The key to making this work in practice is to be able to
distinguish between changes in power attributable to wear and changes due to
cutting geometry. Shao et al [Shao 2004] used a cutting power model which
considers tool flank wear in a face milling operation. Instead of relying on a
constant threshold value, the threshold is updated to compensate for the effect of
variable cutting conditions.
In our previous research, a TCM system was developed based on a power
ratio (the ratio of current tool cutting power to the estimated sharp tool cutting
power) [Jerard 2005], In this research, an Open Architecture Controller (OAC) is
coupled with process models to match the measured signals with the cutting
geometry. Changes in model coefficients can be investigated by calibrating the
force model using data collected online during the machining of an actual part.

1.8 Dissertation Overview
In this research, the overall goal is to investigate novel techniques and
strategies for dynamically measuring the process capability of machine tools and
to use this information for Smart Machine System research. Several aspects of
the system are explored including system integration, data acquisition, model
calibration,

feedrate

scheduling,

tool

condition

monitoring,

implementation and evaluation.
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system

The development of a general testbed for research on “Smart Machine
Tools” is illustrated in Chapter 2. The hardware and software system components
are discussed, along with the results of our investigation of a particular
implementation of a smart machining system. Two test cases are presented
which illustrate the power of the system to perform on-line calibration of
machining models, automatically select optimum feedrates and detect unhealthy
tool conditions like runout and wear. It is showed that how sensors, models,
information technology and computational resources can be combined to create
the foundation for a Smart Machining System. The intent is to implement a
flexible and expandable testbed which could be used to explore a variety of
alternative approaches. The content in this chapter was published in the
proceeding of the 2006 NSF conference [Jerard 2006c].
In Chapter 3, mechanistic model calibration techniques are discussed.
Model calibration typically requires a time consuming process and an expensive
force measurement device. An energy based process is described for calibrating
a force estimation model using motor spindle power. The method has been
shown to be accurate for estimating tangential forces for a wide variety of cutting
conditions. The results in this chapter were accepted for publication in Journal of
Computer-Aided Design and Application (CAD&A) [Xu 2007],
Chapter 4 describes methods for improving the efficiency of CNC
machining by enabling automatic feedrate selection and tool condition monitoring
(TCM). The Smart Machining System is evaluated with respect to online
calibration, optimization, and TCM using a typical production part. The feedrate
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selection process allows the part to be cut 10% faster with a 20-40% lower peak
cutting force when compared to the original “best practice” program provided by
our industrial partner. TCM results show that the low cost power sensor can be
effectively used to monitor tool wear if used in conjunction with a power model.
The results in this chapter were published in the 34th Annual North American
Manufacturing Research Conference [Xu 2006a],
In Chapter 5, the feedrate scheduling strategy is extended to sculpture
surface machining. Different constraints on part quality, tool health and machine
tool capabilities, are set for rough, semi-finish, and finish passes. An NC part
program is processed one tool move at a time by the feedrate selection planner.
For each tool move a geometric model calculates the cut geometry. The
selection algorithm then chooses the fastest possible feedrate subject to
constraints on

part quality,

tool

health and machine tool

capabilities.

Experimental results for a sculptured surface bottle mold show the value of the
method as an aid to process planning. The results in Chapter 5 were accepted
for publication in the International Journal of Manufacturing Research [Jerard
2006b],
In Chapter 6, a brief summary is given with the focus on the significance of
the dissertation. Future work is also proposed.
As mentioned above, Chapter 2 to Chapter 5 are largely based on papers
submitted to conferences or published in the journals. Some sections are
removed from the papers because of overlap to improve the overall dissertation
flow.
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CHAPTER 2

TESTBED DEVELOPMENT

Abstract
In this chapter the development of a general testbed for research on smart
machine tools is described. The hardware and software system components are
illustrated,

along with the

results of our investigation

of a particular

implementation of a smart machining system. It shows how sensors, models,
information technology and computational resources can be combined to create
the foundation for a Smart Machining System (SMS). The intent of this chapter is
to describe a flexible and expandable testbed which can be used to explore a
variety of alternative approaches.

Key Words: Open Architecture, Smart Machining, Machining Models.

2.1 Introduction
“Smart Machine Tools” is an emerging topic of interest and is the focus of
recent industry initiatives [NCMS, NIST 2002, Schuyler 2006]. A “Smart
Machining System” (SMS) will produce parts of the desired quality of the first try
and every subsequent try. Furthermore, the system autonomously adjusts
machining conditions (e.g. speeds and feeds) to maintain part quality in the face
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«

of changing system characteristics (e.g. tool wear) while also maximizing process
efficiency.
These are ambitious goals and, in many cases, represent a significant
shift from conventional machine tool usage where the tool is mainly a device that
receives and executes machining commands. The machine tool as an active
partner in the manufacturing process is both novel and unfamiliar in most
industrial settings. In order to overcome a natural reluctance by industry to adopt
a radically different manufacturing strategy it is critical to develop and maintain a
smart machine tool testbed that will
•

Provide an environment that fosters research into potential smart
machine tool concepts,

•

Evaluate concepts for industrial readiness,

•

Facilitate the dissemination of these applications to industry by
demonstrating their utility and by educating the user community on the
benefits of smart machine tools.

The testbed must have sufficient flexibility to accommodate both present
and future technologies. The important technological components of a testbed
include real-time control, sensor integration, software development, information
technology and science-based simulation.
In this chapter, the development of a general testbed is described for
research on “Smart Machine Tools”. The hardware and software system
components are discussed in Section 2.2. Section 2.3 talks about the system
implementation, followed by a summary of the system in Section 2.4.
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2.2 System Components
This section describes the selection and installation of appropriate
components for a smart machine tool testbed. The discussion begins with the
selection of a suitable open architecture controller, followed by a list of additional
hardware and software components along with the supporting information
technology. With each component, we will discuss the considerations made in
selecting the particular piece of equipment.

2.2.1 Open Architecture Controller
While some intelligent machining is possible with a proprietary, closedarchitecture control, clearly an intelligent machine tool is best founded on an
Open Architecture Controller (OAC). The system described in this research uses
a commercially available OAC [MDSI] from MDSI. The selection of the MDSI
control was based on several factors that are now enumerated:
•

We wanted a Windows PC based controller, that would both control the

CNC and run our applications simultaneously with no adverse effects on
the machining process and no undue time delays in processing our
applications. The MDSI is based on a single CPU system with a real time
control. There are dual PC based systems which dedicate one computer
to CNC control and the second computer to the human interface and user
applications. These were more expensive and much more complicated for
communication than the MDSI system.
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•

The system must have the ability to obtain position information, i.e. x, y,

z, in real time, along with other sensor information such as slide and
spindle motor power and slide velocities. It is critical that there be
excellent synchronization between simulation models and real time
measurements. This is a vital issue for on-line calibration, event detection
and control. Imagine trying to drive a car with your sensory input
(eyesight) delayed by a half second and you get some idea of the
importance of this issue. While the MDSI was able to provide much of the
critical information with only modest time delays, certain data - such as
slide and spindle power - were not available through the software-based
MDSI control. We obtained power information via a separately installed
power sensor. Most dual processor-based controls would provide this
power information directly, offering a clear advantage since no separate
sensors need to be installed.
•

We need to be able to change the feedrate command signal in real

time in response to optimization issues as well as real time changes in the
process, such as tool wear. These changes are based on information from
sensors and simulation programs that will be running in the background
during NC operation.
•

Application programs must be able to run on the PC while the NC

machine is running, to pass sensor and position information to the
simulation model programs and to return feedrate, spindle speed and
position commands to the NC control program in a timely fashion.
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Open Architecture Controllers have been implemented as custom built
systems as part of various academic research projects [Altintas 1994, 2000,
Jerard 2000, 2005, Koonce 1996, Koren 1996, Park 1995, Wright 1988,
Yellowley 1994], There are also a number of commercially available controllers
which claim open architecture (e.g. MDSI, Fanuc, Siemens, Okuma). There are
also a number of efforts at developing OAC standards [OMAC, OSACA, OPC].
Our study of available commercial systems led to the retrofit of our existing
FADAL VMC-40 with an MDSI Open-CNC controller. The retrofitted system is
shown in Figure 2.1 and a schematic of the system components is shown in
Figure 2.2.

Figure 2.1

Open Architecture Controller retrofit of a FADAL VMC
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2.2.2 Hardware Components
•

CNC Machine - FADAL VMC 40 (A FADAL EMC is used to replace the old
FADAL VMC 40 for research after 2005)
Originally purchased in 1989 with a proprietary control, it was retrofit in

1999 with an MDSI OAC.
•

PC Computer - Intel Celeron ® 2.4GHz CPU, 512MB fRAM
One advantage of using the MDSI Open-CNC is that it is easy and

relatively inexpensive to upgrade standard computer components with faster
processing and more memory. We have upgraded the PC twice since 1999
without any significant disruption.
•

Data Acquisition Board - Computer Boards PCI-DAS 6402/16

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.

The PCI-DAS6402/16 analog and digital I/O board offers 64 single-ended
or 32 differential 16-bit analog inputs with sample rates up to 200 kHz (single
channel or multi-channel sampling), two 16-bit analog outputs, 32 bits of digital
I/O and one 16-bit down counter. The board has an on-board 32K x 16 SRAM. It
supports background data sampling which can be selected by software.
•

Force Sensor - Kistler 9257B 3-Component Piezoelectric Dynamometer
This is an expensive precision instrument which is indispensable for

measuring cutting forces to test the accuracy of our machining models. The cost
and invasive nature of the device make it less desirable for the shop floor.
•

Spindle Power Sensor - Load Controls lnc.[LCI] Universal Power Cell (UPC)
The UPC provides an analog output of 0-10 Volts proportional to spindle

motor power. The time constant is about 25ms which was evaluated by
measuring the power signal of a step input. The LCI sensor is non-invasive and
easy to install. The sensor provides a clean and accurate (0.1%) measurement of
motor spindle power. Accurate power measurement on our 3 phase AC spindle
motor was more challenging than we first imagined and this instrument was well
worth its modest cost ($600). The cost and non-invasive nature of the sensor
make it ideal for the shop floor environment.
•

ACG C411 Contact Condenser Microphone
Microphones have been used in machine tool research and applications to

detect chatter [Delio 1992, Schmitz 2003]. Prior microphone applications have
used open-air microphones which can have problems in a noisy shop floor
environment. This motivated us to consider contact microphones. The ACG C411,
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originally designed as a contact microphone for stringed instruments, can be
easily mounted either on the spindle or on a test part, is relatively inexpensive
(<$200) and non-invasive.

2.2.3 Software Components
•

Operating System - Windows 2000/XP
The Windows operating system offers flexibility and a wide range of

application software. We routinely use MS Office application like Excel and Word,
along with Matlab and Labview. It takes less than 5% of the CPU capability of the
PC to control the CNC, leaving plenty of excess capability to run our applications.
•

Open Architecture Control Software - MDSI OpenCNC [MDSI]
MDSI has been selling PC based CNC controller software since 1997.

They provided a basic retrofit package along with a Software Developers Toolkit
(SDK) which allowed us to integrate custom applications into the system. A key
ingredient to this is the use of shared memory where both the MDSI controller
and our application can simultaneously access vital information like the current
G-code line number, axes position, velocity and spindle speed [Jerard 2000],
Since the cutting conditions are constantly changing it is imperative that the
sensor measurements be synchronized with position data in order to compare
model estimated and measured variables. After performing a initialization in
which the application program and the OpenCNC program exchange process IDs,
the application program can now obtain pointers for any variable in the shared
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memory. In our testbed, we use pointers to the variables containing the G-code
line number, x-y-z tool position, feedrate and spindle speed.
•

Real-Time Extension - VenturCom RTX [VenturCom]
The Windows operating system is not specifically designed for real-time

operation so it requires some care in using it for CNC control. Reliability and
safety are paramount concerns. A real-time command structure is required so
that the motion control always receives the highest priority. VenturCom's RTX
provides a real-time subsystem that runs with the Windows XP platform and it is
an integral part of the MDSI retrofit package. It implements deterministic
scheduling of real-time threads, inter-process communication mechanisms
between the real-time environment and the native Windows XP environment. It is
this feature that ensures that the machine control will always have priority over
other applications, thereby preventing CNC performance from degrading while
other CPU intensive applications are running. We also used the VenturCom
software for its high resolution timers which provided much better resolution than
can be obtained from the Windows systems clock.
•

Software Development Environment - Microsoft Visual C++ 6.0
All of our application software is written in C++ providing speed, flexibility

and portability.
•

Data Acquisition - Computer Board Universal Library
An SDK is provided by the vendor of our A/D board that is used to collect

sensor data.
•

NC Simulation and Verification - Predator Virtual CNC 7.0 SDK [Predator]
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Predator Virtual CNC is a G-Code-based CNC simulation and verification
application that simulates the CNC manufacturing process off-line. With the
integration of Predator Virtual CNC SDK and the MDSI OAC, the testbed is able
to simulate the machining process either prior to or during the machining process.
This can give the user a better vision on what is going on. Most importantly, it is
possible to monitor the process and further optimize the machining online.
Predator’s Feed Rate Analysis (FRA ATL V6.0) ActiveX Template Library
(ATL) is a SDK that provides the cutting geometry information, such as material
removed and contact area between the tool and the workpiece. As will be
explained later, this information is inserted into our process model to provide a
comparison of predicted variables with measured data. This comparison provides
a closed loop feedback from the CNC to the controlling system and is a key
aspect of the system.
•

UNH Application Software
We have developed software modules for on-line calibration of machining

models, wear analysis, runout analysis and feedrate optimization. Future
research will be directed toward dynamic considerations such as chatter
detection and avoidance. Research methods are described in detail in numerous
other publications [Fussell 2001, 2003, Jerard 2000, 2002, 2005, 2006, Richards
2002, Schuyler 2006, Xu 2006a] and some results are presented later. The
routines to exchange data with these third party libraries are modularized so that
it can be conveniently switched to other OAC suppliers and/or CNC verification
and simulation software suppliers.
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2.2.4 Information Technology

For a system to learn from experience there must be a systematic way of
representing the part specifications, machine tool capabilities, cutting tool
characteristics and process history. Conventional CNC controls rely on “G-codes”
[ISO] which are inadequate in most respects. Considerable effort is being
expended on improved technologies using the STEP standards. [STEP-NC] is a
new model for data transfer between CAD/CAM systems and CNC machines and
is intended to replace “G-codes.
We developed NCML as an XML based dialect for representing machining
processes [Jerard 2002, 2006, Ryou 2001]. NCML represents conceptual
process plans in a macro format that includes size tolerance information. Our
most recent work has focused on adding structures for storing machining history.
Machining information includes: the machine tool information, workpiece
information, tool holders, tools, data collection information, model calibration data,
and specific G-code data.
Data collection rates vary with the particular application. Measurements
from the Kistler load cell and the AKG microphone are generally collected at high
rates. Both sensors should be sampled at least 120 samples per cutter revolution
resulting in 2kHz sample rate for a cutter rotating at 1000 rpm. On the other hand,
the LCI power sensor is filtered (25 ms time constant) and therefore one sample
per revolution is more than adequate for monitoring the relatively slowly varying
spindle power (sample rate of 17 Hz at 1000 rpm). The synchronization of
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experimental measurements with cutter position requires consideration of the
time response of sensors. More information about the types of problems this
raises can be found in [Xu 2006a],

2.3 System Implementation
The general philosophy of our system is consistent with the vision
espoused by Wright in his “Manufacturing Intelligence” book [Wright 1988]. It is
also consistent with the constructivist theory of learning in which humans build
new knowledge on a foundation of their current world model [Bransford 2000].
Sensory input is continuously used by the learner to build and rebuild long-term
memory categories known as schemas. The schemas are critical to the
interpretation of new sensory input. In a similar fashion, our SMS uses internal
models of the machining process to interpret sensory input while simultaneously
refining the model accuracy through on-line calibration. Machine intelligence
requires some level of understanding of the process if sensor input is to have
meaning. The mere act of collecting data and attempting to pattern match
observations with past results is a very limited form of intelligence. As human
learning relies on schemas, our SMS must rely on science based models to
create a system that can generalize past experience to intelligently interpret new
input.
Figure 2.3 is a block diagram of our Smart Machining System [Jerard
2005]. In our vision the Designer (1) supplies a part description (2) in NCML
format. The cost estimator (3) provides a bid which includes a breakdown of cost
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by machining features, thus enabling the designer to understand the relationship
between design choices and costs. The Tool Path Planning (5) module compiles
the macro conceptual process plan into individual toolpaths. The Machine
Process Capabilities are also input to this module (Path A) to choose the proper
strategies for the individual tool paths. The strategies include the choice of Unit
Machining Operations (UMOs) [Choi 1998] to make a given feature, tool choice,
depth of cut, finish cutting allowance, etc. These strategies can be stored in
Strategy Templates (4).

Bid

2. Part Description

3. Cost Estimator

4. Strategy

; Machine Process
Capabilities (X M L )

S. Tool Path Planning
Tool path
1 1 Geom etry

7. OAC CNC
Controller

6. Process Models

Tool motion
Toolpaths, Feedrates
Spindle Speeds

8. Workpiece

On-line
adjustment

10. Real-time
Control

9. Sensors

11. Model Tuning

Figure 2.3

Conceptual architecture of a smart machine tool

Speeds and feeds are set by using Process Models (6). The chosen
feedrates for a given strategy depend on both the required accuracy (described
by the tolerance information in the NCML file) and the Machine Process
Capabilities. The OAC (7) commands the cutting tool motion to remove material
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from the workpiece (8) and continuously collects data to calibrate the machining
models and dynamically estimate the current process capabilities of the machine.
Sensors (9) monitor the process and provide feedback to the Control module (10)
which adjusts feedrates to compensate for process degradation such as tool
wear.
The sensor data is compared with process modeler data for Model Tuning
(11). Predictions (Xd, Yd) from the process models, and measurements (Xm,
Ym) from the sensors, are compared during machining. The desired and
measured process states of the machine can then be used in the control and
optimization of the process. In this way, sensory input is interpreted based on the
expectations of the process model. Furthermore, deviations between expected
and measured data can be used to tune the model to improve its accuracy.

2.3.1 Force Model Calibration
Proper calibration is very important for model accuracy.

K Tc

and

KTe

are

“cutting energies” related to shearing the material and edge rubbing respectively.
If

K tc

and

K Te

are known for a particular tool/material combination then it is

possible to estimate tangential cutting forces. These force estimates are useful in
choosing cutting conditions that can cut a part to the desired quality with both
safety and efficiency.
A key to using this cutting model is to obtain accurate estimates of Ktc
and

KTe -

Conventional calibration is cumbersome and may not be reliable if

generalized for nominally the same part material and tooling. For example, we
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found that identical materials (e.g. 1018 steel) from the same vendor with similar
tooling can have cutting model coefficients that vary by 10%. Hence it is critical
that model coefficients be obtained for particular tool/material combinations for
acceptable accuracy [Jerard 2005, Schuyler 2006],
A robust machining power estimation model must be able to maintain
accuracy for a wide variety of cutting conditions. A standard calibration test was
therefore developed that included eight different cutting conditions with four
different feeds for a total of 32 different tests.
Calibration routines are automatically generated by the SMS based on tool
diameter and sensor time constant, so that each move is long enough to properly
sample power. This automated procedure greatly simplifies calibration. The
calibrations have been performed on a wide variety of materials using a number
of different cutting tools. More detailed description and test results for model
calibration process are presented in Chapter 3.

2.3.2 Feedrate Selection
The choice of feedrates affects both part quality and process efficiency.
Feedrate selection is achieved in our SMS by analyzing the existing program and
adjusting feedrates to achieve uniform quality and maximum efficiency [Fussell
2001, 2003, Richards 2002, Xu 2006a]. Our program implements feedrate
adjustment by accessing the shared memory of the MDSI controller to adjust the
feedrate override parameter. While it would be possible to adjust feedrates by
writing a new G-code program, this approach typically results in much longer
programs and is not suitable for on-line adjustment. The feedrate adjustment is
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the equivalent of adjusting the feedrate override pot on the front panel of the
CNC control panel, except that the “hand” turning the dial is our software
automatically analyzing and adjusting.
A rategy for feedrate selection is presented in Section 4.3 and results of
system evaluation with a industrial test case is showed in Section 4.6.2. The
example illustrates how the SMS can combine sensors and models to improve
the process during production runs. The model is used to optimize the cutting
process (Block 6 in Figure 2.3) and observation of the cutting process is used to
improve model accuracy through on-line calibration (Block 11 in Figure 2.3). It is
important to note that these synergies can only be achieved with an OAC in
which experimental measurements are synchronized with the model estimates. It
is therefore critical that there be a tight communication between the machine
controller and application programs. In our case, we achieve this through the
shared memory capability of the MDSI.

2.3.3 Tool Runout
Runout is the eccentricity or offset of the tool rotation axis with respect to
the normal spindle axis that is always present due to imperfections in the tool
and/or spindle. Runout can currently be measured with an inexpensive manual
dial indicator or an expensive, automated laser system. We have investigated the
use of a contact microphone as a simple, non-invasive source of high bandwidth
data for estimating tool runout during cutting. Preliminary results demonstrate
that we can automatically measure runout by analyzing the audio signals from
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the AKG microphone and can use the audio data in lieu of a high bandwidth
Kistler force dynamometer.
Feed Force
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Figure 2.4
Acoustic and feed force signatures of a 2 flute end mill
cutting aluminum at 300 rpm with a missing tooth. Tooth passing
period is 100 ms.
Figure 2.4 shows the acoustic and force signal for a 2 flute cutter with one
tooth missing the workpiece as might happen when a tool has a large runout and
the feedrate is low. The figure suggests that the audio chirp is proportional to the
peak in the tool force, and that it tracks the rise and fall of these peaks as each
tooth engages the part. The contact microphone output therefore produces a
high bandwidth signal related to cutting force that can be sampled by the A/D and
analyzed for runout. For example, if all teeth are engaged at a low feedrate, then
the runout is less than the acceptable value. If any tooth is not engaged at a
chosen higher feedrate then the runout is unacceptable. For a given runout, our
model can estimate these critical feedrates in order to set testing conditions for
runout diagnosis.

32

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.

2.3.4 Tool Wear
Tool condition monitoring has been the subject of much research and
some good literature reviews may be found in [Liang 2002, Prickett 1999, Rehorn
2004]. We have demonstrated that the shearing cutting energy

(K TC

in Equation

2.1) can be relatively independent of progressive (e.g. flank) tool wear while the
edge effect cutting energy

(K j e )

tracks well with that wear [Schuyler 2005], This

is particularly apparent for HSS tooling, less so but still applicable for carbide
tooling - each with distinctive wear mechanisms. However, somewhat prior to
failure, the shearing cutting energy increases rapidly. Together they provide
valuable feedback on the tool condition. As the tool wears, tool forces increase,
often leading to tool or tooth breakage. The cutting energies are monitored noninvasively and in-process by using spindle motor power data combined with our
process models [Jerard 2005, Schuyler 2005, Xu 2006a]. A more detailed
description of tool condition monitoring is presented in Section 4.4 and results of
systematic evaluations are showed in Section 4.6.3.

2.4 Conclusions
A testbed has been assembled at UNH for performing research on smart
machine tools. It uses a commercially available OAC from MDSI, geometric
modeling software from Predator along with a number of modules developed in
our lab. A high bandwidth Kistler load cell, LCI power sensor and AKG contact
condenser microphone provide measurements of cutting forces, motor spindle
power and tool vibrations respectively. Several test cases illustrate how models
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and sensor can be combined to select machining conditions that can produce a
good part on the first try. Tool wear and runout measurements ensure that
subsequent parts continue to be produced at the desired quality. On-line
calibration allows the Smart Machining Systems (SMS) to fine tune model
coefficients which can then be used to improve production efficiency as the
machine “learns” its own capabilities. An XML database (NCML) is used to
represent part programs, machine tool characteristics and store machining
history [Schuyler 2005],
A key aspect of the testbed is its ability to provide synchronization
between process measurements and model estimates. This permits real time
feedback from the smart machine tool regarding the current machine tool
process. This information may be used to determine model-specific parameters,
such as cutting energies, transparent to the CNC operator during normal
machining operations. This information can be used to more accurately
determine these parameters for the actual tooling and materials in use, rather
than relying on tabular values. The information can be further used to update
these model coefficients as the situation changes (e.g. due to tool wear)
providing both a continued improvement in model accuracy as well as a way to
monitor the health of the machine and the machining process.
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CHAPTER 3

ENERGY BASED FORCE MODEL CALIBRATION

Abstract
Accurate estimation of cutting forces requires that the predictive
model be properly calibrated. Calibration typically requires a time
consuming experimental process and an expensive force measurement
device. In this chapter, an energy based process is described for
calibrating a tangential force estimation model using motor spindle power.
Experimental results for flat and ball end mills are given. The method has
been shown to be accurate for estimating tangential forces for a wide
variety of cutting conditions. Furthermore, we show how the calibration
process could be done either off-line with a quick and simple process, or
on-line while cutting in a production process.

Keywords: models, calibration, spindle power, energy based.

3.1 Introduction
Cutting force models can play an important role in setting cutting
conditions that are safe, efficient and produce parts of the desired quality.
Unfortunately, the models are only as accurate as the model coefficients. The
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coefficients are a function of the tool, workpiece material and the tool wear. The
cutting forces increase as the tool wears.
There has been significant research reported in modeling the mechanics
of milling. A series of papers by Kline et al. [Devor 1980, Kline 1982] presented a
mechanistic model which considers the tangential cutting force to be proportional
to the chip load and the radial force to be proportional to the tangential force.
The size effect is captured by the nonlinear empirical relationship between
specific energy and uncut chip thickness. Altintas presented a linear edge effect
model in which the tangential force is split into a cutting component and a
parasitic component (also known as an edge, rubbing or plowing force) [Altintas
2000]. In this model, cutting forces are linearly proportional to both chip
thickness and contact area. Both models have been shown to be reasonably
accurate at force prediction when model coefficients are properly calibrated
[Fussell 1992, 2001, 2003, Jerard 2000, 2005, 2006],
A number of different methods have been used for model calibration.
Budak et al. presented a unified mechanics of cutting approach in predicting the
milling force coefficients for cylindrical helical end mills [Budak 1996]. It is shown
that the milling force coefficients for all force components and cutter geometries
can be predicted from an orthogonal cutting database and the generic oblique
cutting analysis for use in the predictive mechanistic milling models. Lee et al.
further extended the approach to helical ball end mills [Lee 1996]. The cutting
force distribution on the helical ball-end mill flutes is accurately predicted by the
proposed method. However, some cutting tools may have complex cutting edges,
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and the evaluation of cutting coefficients by orthogonal cutting tests may be timeconsuming.
The model coefficients can also be identified through empirical curve fit
either to measured average milling forces or to instantaneous forces [Kline 1982].
The least square fit method is widely used in force model calibration by trying to
either fit the force profile of one specific cut [Azeem 2005, Yucesan 1993] or the
average force for a number of cuts [Altintas 2000, Liu 2003].
By investigating milling forces in the frequency domain, Zhang et al.
provided an improved method to calibrate the cutting coefficients [Zhang 2005].
The validity of the method is confirmed based on a series of experiments and
numerical simulations.
All these calibration methods are based on instantaneous or on average
force measurement. Sensors used to measure cutting forces can be expensive
and adversely affect machine stiffness. This prevents the force prediction
techniques from being used in industry. In contrast, a power sensor is
inexpensive and non-invasive. Power sensors have been widely used for tool
condition monitoring in both academic research [Shao 2004] and industrial
applications [Caron Engineering, ARTIS]. In this chapter, a power based
calibration method based on the linear edge effect tangential force model is
presented with the intention of quick and accurate model calibration as the tool
wears.
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3.2 Force Model
The energy based calibration method assumes that the model is linear
with chip thickness and contains edge forces. The tangential force is split into a
cutting component and a parasitic component (See

Figure 3.1). The

instantaneous tangential force at a particular tool rotation angle <t> is:
AFt (^, u) = K tc

u) Am + K te Am

(3.1)

Where Au is the length along the periphery of the cutter, KTC is the
tool/material cutting energy (N/mm2) in the tangential direction, and

KTe

is the

tool/material edge force (N/mm) in the tangential direction. The model assumes
a zero helix angle for a tooth for any discrete slice of the tool. The normal force
and the longitudinal component (perpendicular to tangential and normal
direction) can be similarly expressed.
AF n ( 0 , u ) = K nc h(<j>,u)Au + K ne Am

(3.2)

AF a ( 0 , u ) = K ac h ( < j) , u ) A u + K ae Am

(3.3)

Where AFt and AFn directions are defined in Figure 3.1 and AFa is
generally in the negative Z direction.
Figure 3.1 shows a general cutting tool. The xyz local coordinate system
is defined relative to the cutting tool. The milling forces and cut geometry are
defined relative to this system, which is local to the cutting tool and varies with
the direction of motion, denoted by velocity vector / d (velocity vector of
magnitude f (mm/s) in the direction d). The local x coordinate axis is normal to
the axial direction z, with f d lying in the local x-z plane. Angle <1> is the location
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of the cutting edge measured from the Y axis, for some arbitrary tool rotation
angle 0. (3 is the angle between the surface normal N(0,u) and the horizontal XY plane.
Y

Z

AU

Figure 3.1

The cutting tool is discretized into disc elements defined by
equal increments along the periphery

The chip thickness h(cp,u) at any location on the cutter can be
approximated as the scalar product of the velocity vector with the cutter surface
normal N(0,u), divided by the number of teeth (nt) times the spindle speed to
(rev/s) [Choi 1998],

(3.4)

nt G)
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The force on a differential tooth element has tangential, normal and
longitudinal components. The tangential force is located in the x-y plane of
Figure 3.1, while the normal component is in the opposite direction of the surface
normal Ns(<J>,u).
The total cutting force can be determined for a given tool position angle 0
’ by:
nu
(& )=

n,

X

S

i= l

;= 1

nu

nt

Fy(6) = '£_i
<=i

cos

E F N s *n

^

cos

P ~

sin ^

sin

P]

sin^ - AFN cos^ cos>3 - AFa cos^ sin/?}
j= i

Fz(P) = Y , '^{A F 'n s in P - AFa c o s / ? }

'=*

(3.5)

Where AFT, AFNar\dAFA, are calculated using Equations 3.1-3.4, nu is
the total number of elements, nt is the number of teeth, and (3 is the angle
between the surface normal of the element u, and the x-y plane as shown in
Figure 3.1. The resultant force in the x-y plane Fxy is usually of greatest
importance as it is used to calculate tool deflections and bending stresses.

Fv (ff) = ^FT\S ) + F ^ff)

(3.6)

3.3 Tangential Cutting Coefficients
The energy required to remove an infinitesimal element of material is:
dE = K TCh(u,(/>)r{u) d(j> du + K TBr(u) d</> du

(3.7)

The cutter consists of one or more teeth, each of which can be divided
into one or more segments which have similar values of

KTc
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and

KTe -

For

example, the teeth on theendof a flat end cutter may havedifferent geometry
than

the teeth on the side andtherefore exhibit

differentcuttingcoefficients.

Different segments of the tool may also exhibit different values of the coefficients
due to wear effects.
The total energy required to remove material for the ith segment of the jth
tooth during a single revolution of the cutter can be obtained through integration:
U n fK x t

u n fie x t

Ey = KTC'

h(u,0)r(u) d</>du + KTE< | j* r(u) d(/>du
u m $m t

(3.8)

u m $ent

where u is the distance traced along the profile of the cutter as illustrated
in Figure 3.1.
Noting that the volume of material removed

Qy

is equal to:

«»<c

~ 11

d</>du

(3.9)

u m $ent

And the area of contact between the cutter and the workpiece is:
l i n tfiext

Ay = 11 r(u) d(j>du
u«*««

(3.10)

We can express the energy in terms of material removed and contact
area:

£ (,= fc e + ^ ]„

(3.11)

The total energy for the entire cutter is:

Elol = 1 1 Ey
J ‘

(3.12)
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Because the analysis is based on energy, the helix angle associated with
the teeth can be ignored when performing the integrations in Equation 3.8 and a
straight flute is assumed [Altintas 2000 page 45],
In order to take the coefficients outside of the integral in Equation 3.8 it is
assumed that they are not a function of chip thickness and models which
assume a non-linear relationship between chip thickness and force may not be
used in this manner [Kline 1982], The linear model used in this analysis
compares well in force prediction with the more complex models that include
chip thickness in the coefficients [Jerard 2006b].
The average cutting power needed to remove the material from the
workpiece is related to the energy:

E.
Pav8 = ~
T

t ot

_

I i T

J i

Where x is the tooth rotation period in seconds:
60

®

(3.14)

And co is the spindle speed in revolutions per minute. The volumetric
removal rate and cutting area rate are:

Q ,,= —

r

4

=

—

r

(3.15)

9

The power defined in Equation 3.13 can only come from two sources:
spindle power and feed drive power. Since the motor spindle power is generally
100-1000 times larger than feed drive power, the contribution from the feed drive
power can be ignored.
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3.4 Model Calibration
A power sensor is used to measure the electrical power Pe to the motor.
The available mechanical power Pm can be calculated by multiplying the
electrical power times the motor efficiency r|e. During machining, the mechanical
power Pm includes two components: 1) Pf, the power to overcome the
mechanical friction in the motor and drive system and 2) Pc, the power actually
used in cutting the part.

Pm=P''r,t =Pf +Pe

(3.16)

When the spindle motor runs at a constant speed without cutting any
material, the measured electrical power is the tare power Pt. As Pc equals zero,
we get:

P,*rj.=Pf

(3.17)

If we assume that the frictional losses are constant for a given spindle
speed and that the cutting power is defined by Equation 3.13 we get:

Pm=Pt *fl t + Pc=Pt *rl t +KTC*Q + KTE*A

(3.18)

Where KTc and KTe are assumed uniform over the calibration cut. The
effect of coefficient variation is minimized by selecting appropriate cutting
conditions for calibration; over a number of contact areas and material removal
rates to find average coefficients. Average coefficients result in a robust model
that is able to predict cutting power reasonably well for a large variety of contact
areas, spindle speeds, and feedrates.
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In our previous research [Jerard 2000, 2005, 2006, Xu 2006a], tare power
Pt was measured and then subtracted from measured power Pe to perform
model calibration and obtain coefficients KTc and KTe based on Equation 3.18.
The tare power is a function of spindle speed and motor temperature [Cuppni
1990] and it is therefore important that it be measured frequently, at the same
spindle speed as used in cutting and not too long before the cutting takes place.
This will require time and may not be feasible. Instead Pt*ne can be treated as an
unknown. With a minimum of three experiments, the coefficients

K tc , K te

and

the quantity Pt*ne can be found using Equation 3.18. In fact, it is usually
advantageous to perform many more than the minimum and rely on a least
squares fit. In matrix form,
P , * V e

K J = [l

Q

A

K,c

= [G][Jt]

K = [Gr g ]-1 Gr Pm

(3.19)

(3.20)

Where G is the first matrix in Equation 3.19, defined by cutting geometry,
K

is the matrix which includes information for tare power and model coefficients.

Pm is the measured power for each cut, determined from Pe*r|e- To be solvable,
the G matrix of Equation 3.19 must not be singular and should not be illconditioned. Proper choice of experiments will prevent this unwanted result.
The motor efficiency value qe can either be determined by system
calibration with a dynamometer or be obtained from the motor manufacturer.
Figure 3.2 is the motor efficiency curve for the induction spindle motor used in
this research (See Appendix A for report on the spindle motor characterization
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experiment). To automate the model calibration process, a look-up table for all
motor conditions can be formed based on the curve.

O 75

400

600

Figure 3.2

800

1000
1200
Si
Spindle
Spied (rpm)

1600

1800

Motor efficiency curve

Power sensors typically do not have the frequency bandwidth necessary
to measure instantaneous power at the tooth passing frequency. Filters are used
to remove high frequency noise, limiting bandwidth, but providing a fairly clean
signal for the average power. Results from our setup yield a resolution of 0.02kw,
when averaging 10 spindle revolutions of power data.
The normal and longitudinal coefficients are also needed to estimate force.
For a flat end cutter, only tangential and normal coefficients are necessary to
estimate Fxy. The normal coefficients can vary depending on cutter geometry and
workpiece material. Some researchers have assumed a ratio of 0.3 between
normal and tangential coefficients [Schmitz 1999, Tlusty 1975], The normal
coefficients can also be calibrated using average force data, i.e., KNc and Kne
can be obtained by solving Equation 3.5 by inserting the known values of Ktc
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and Kje into Equation 3.1, substituting in the average measured values of Fx and
Fy into the left side of the equation. A matrix equation similar to Equation 3.20
can then be set up to solve for KNc and KNE (See Appendix B for description on
how to get the normal coefficients). With all coefficients known, a numerical
simulation as described by Altintas [Altintas 2000 pg. 42] can be used to estimate
the resultant force in the x-y plane.
There is one main drawback associated with this procedure for finding the
normal coefficients, namely an expensive, invasive force dynamometer must be
used to measure the cutting forces. In theory, the forces can be obtained from
the feed drive motor power, but the signal to noise ratio is much less favorable
than when using motor spindle power.
Using force data obtained from calibration cuts (Section 3.6.1.1), we
found

KNc

= 0.395

Kj c ,

and KNE = 0.566 KTE. In normal machine operation, force

data would not be available to find these ratios. A conservative approach would
be to use the largest expected ratios, e.g. 0.7, to estimate the resultant force.

3.5 Geometric Analysis
An extended Z-buffer method [Choi 1998] is selected for use in the
geometric model of the workpiece. The tool is modeled by slicing it into discs
perpendicular to the z axis. The tool should not be sliced into equal thicknesses,
but into equal Au increments along the periphery as shown in Figure 3.1. The
entrance and exit angles for the teeth can be calculated from the radial depth of
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each disc [Fussell 2001], A numerical summation can be used to find Q and A
for a tool segment as shown in the pseudo-code in Table 3.1.
Table 3.1 Calculation of material removed rate and contact area rate
Q = 0, A = 0 (initialize Q, A, volume and contact area)
for u = 0 to nu step Au
for <t> = Ost to O ex step AO
Q = Q + h(0,u) r(u)AO Au
A = A + r(u) AO Au

(Accumulate volume removed)
(Accumulate surface area swept)

end cJd
end u

0
Q= —
T

.

a

' A = — (divide total volume and swept area by time period)
T

A toolkit from Predator [Predator] is used to find the entrance and exit
angles at each value of u. The Predator toolkit, soon to be available
commercially, finds the contact between the tool and the workpiece for any given
tool move, and keeps a history of the part shape. Tool surfaces perpendicular to
the z axis, such as the bottom of a flat end mill, need to be handled a little
differently and are treated as a series of annular rings. More detail on how to use
the Predator toolkit is presented in Appendix D.

3.6

Experimental Results

3.6.1 Power Model Verification
A robust machining power estimation model must be able to maintain
accuracy for a variety of cutting conditions. This requires robust model
coefficients. To evaluate the accuracy of the power model, calibrations have
been performed on a wide variety of materials using a number of different cutting
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tools. Power is measured using a universal power sensor from Load Controls Inc.
Force is measured with a Kistler 9257B table dynamometer. Power and force
data are sampled at 3 degree intervals of tool rotation.

3.6.1.1 Flat End Mill Test
A standard calibration test is developed that includes eight different
cutting geometries (slot, upmill, downmill and center cut) with four different feeds,
for a total of 32 different tests. A two flute, 25.4 mm (1.0 inch) diameter flat end
cutter, runout 0.0127 mm, rotating at 1337 rpm, is used to machine 6061-T6
aluminum at an axial depth of 3.81 mm. Table 3.2 and 3.3 summarize the
different conditions for the flat end mill cutter tests. Table 3.2 entries are
correlated with Figure 3.3, e.g. the first entry is for slot cutting and the first four
data points shown in the figure are for slot cutting at the four different feeds
shown in Table 3.3. Surface speed and maximum feed per tooth are selected
from recommended values from tables [Machinability Data Center] to calculate
spindle speed and feedrates. Feedrates are chosen to be 50%, 75%, 90% and
110% of recommended value to generate a good distribution of material removal
rates.
The force model coefficients obtained from the calibration cuts using
power measurements and Equation 3.20 are:

K tc

= 693.8 N/mm2,

K te

= 18.98

N/mm. The normal coefficients obtained from the measured forces are
0.395

Ktc,

and

K ne

= 0.566

K te

(See Appendix

B

K nc =

for description on how to get

the normal coefficients).
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Table 3.2

entrance and exit angle (degrees) for different machining geometries
4
7
1
2
3
5
6
8

Test
(slot)

(up)

(up)

(up)

(center)

(down)

(down)

(down)

Ost (deg)

0

60

90

120

75

0

0

0

<t>ex (deg)

180

180

180

180

105

120

90

60

Table 3.3 Feed per tooth (mm/tooth) for Aluminum 6061
2
1
3
4
fpt (mm)

0.07112

0.10922

0.13208

0.16002

Figure 3.3 shows excellent agreement between measured and estimated
power (maximum error = 4%) and very good agreement between measured and
estimated maximum resultant forces (maximum error = 16%). (Refer to [Fussell
1992] for description of calculation of the resultant force including tool runout).
Figure 3.4 shows a typical comparison between the measured and estimated
resultant force profile as a function of rotation angle.
Circular tool moves at different radii are also performed with a flat end mill
cutter to validate the model. The same tangential model coefficients determined
from the calibration cuts are used in estimating the power. Specific conditions,
measured power and calculated values for Q and A are listed in Table 3.4. The
value of Pm (Table 3.4) equals the electrical power Pe multiplied by the motor
efficiency r\e (Figure 3.2), and the estimated Pm is calculated from the right side
of Equation 3.18. Figure 3.5 shows the good agreement between the power
estimation and the measured power. For upmill and downmill cuts with circular
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Standard calibration results for flat end mill cutter
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tool moves at same cutting conditions, the average power is not the same as it is
for the linear tool move cases (G code = G1). For circular moves (G code =
G2/G3) the actual feedrate varies from the inner to outer side of the tool making
the actual material removal rate different for upmill and downmill cuts.
Table 3.4 Circular move test data
16 circular move tests: 25.4mm diameter, 2 flutes, flat end mill, HSS 30° helix
lie, w = 1337rpin, Kjc=693.8N mmA2. KfE=18.98N nim. Pt»256.5W.

No.

Cut

Ciicle a-ial radral
A
Q
Feed
Radius depth depth
(mm) (mm) (mm) (mm/see) (mm3fsec) (mrtr/see)

343.5

342.7

0.7

126
158

2539
2539

360.2
383.4

364.6

190
68

2539

400.4

6,35

6 35
3 18
4 23

so

2108
2108

303.7
329 6

1.2
0.6
:■.!
39

6.35

5,29

113

2108

340,5

6.35
6.35
6.35

135
59
78

2108
1952
1952

356.8
302.3
318.7

6.35

6 35
318
4 23
5.29

323.2

6.35
6.35

6.35
3.18

98
118
92

1952

48.26

3 81
3.81
3.81
3.81
3.81
381

1952
2496

346.6
339.1

339.9

46.26
48.26

3.31
3.81

6.35
6.35

4.23
5.29

123
153

2496

363.6

361.2

2496

3 9 1 .5

382.4

0.2
-0.7
-2.3

48.26

3.81

6.35

6.35

104

2496

4017

403.7

0.5

3.81

6.35

2
3

40 64
I 40 64

3.81
3 31

6.35
6.35

40 64

3 81

6 35

80 01
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Figure 3.5
Power estimation for circular moves using coefficients
obtained from standard calibration test on Aluminum 6061-T6.
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0.5
1.0
1■
1.4
0,5
1.7
0.2

3.6.1.2 Ball End Mill Test

The calibration test includes 28 different combinations of feedrate, axial
and radial depth. A two flute, 12.7 mm (0.5 in) ball end cutter, rotating at
2100rpm, is used to machine 6061-T6 aluminum. Specific conditions, measured
power and calculated values for
for

K tc

and

KTe

Q

and

A

are listed in Table 3.5. Best fit values

are obtained via Equation 3.20.

Table 3.5 Data of ball end mill calibration test on Aluminum 6061-T6
158 cutting tests; 12.7 mm diameter, 2 flutes, hall end mill, HSS 30° helix angle.
at = 2100ipm, KTC = 8432 NtmtiZ. Kt= = 15.10 N/mm P t= 264.2W.
radial

No.

Cut

1
2
3

axis! depth
(mm)

depth
(mm)
12.7
127
11
11
9,53
9.53
9.53
9.53
9.53
9.53
q *;■»

4
S

m

6

—

7

I

6.35
6 35
3.18
3.18
8 35
6.35
6.35

8

ZJ

6 35

9
10

■ 11

£
|

12
13
14

Q

15

E

16
17
18

Z>

19
20

=

_
E
s
o

21
22

23

=
£

24

5“

25

,™ ,

28

27
20

e
1

a
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627.6
456.9
520,1

571.1
627.6
336.7
334,6
361.4

iii. 4
336.7
364.6
381.4
403.4

Model accuracy as shown in Figure 3.6 indicates good results with a
standard error of 14 watts and an average percent error of around 3%. Note that
a separate calibration is required, as reported in Fussell et al [Fussell 2001], to
obtain the coefficients for the cylindrical portion of the cutter. Equation 3.1 can
now be used to calculate the tangential force for any cutting condition.

~ + ” Measured Power
—0 “ Estimated Power

200*
0

*

5
Figure 3.6

*
1
1
1----------------------10
15
20
25
30
Calibration results for ball end mill cutter.

3.7 Conclusions
A power model based on a linear force model with edge effect is derived.
The robustness of the model is verified through experiments with a wide variety
of cutting conditions; results show good agreements between measured power
and estimated power for both flat-end and ball-end cutting. Good agreement
between estimated and measured peak forces were obtained for flat-end cutting
(max error = 16%). Peak force estimation for ball-end cutting was not as good
(max error = 30%) and further research is required.
When using a least square fit method to calibrate model coefficients, a
see-saw effect is noticed, where one of the two model coefficients, e.g.,
goes up and the other, e.g.,

K te,

K tc,

goes down while still providing a good
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estimation of cutting power. Further effort is needed to investigate techniques to
eliminate the see-saw effect.
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CHAPTER 4

SYSTEM EXPERIMENTAL EVALUATION FOR
FEEDRATE SELECTION AND TOOL CONDITION
MONITORING

Abstract
The test platform for a Smart Machining System (SMS) described in
Chapter 2 is used to investigate and develop the necessary algorithms required
to calibrate, optimize, and monitor complex tool moves/geometries, as well as
handle data collection/storage, and delays in sensing equipment. This chapter
focuses on evaluating the SMS with respect to online calibration, optimization,
and TCM using a typical production part. For the production part used in this
research, the feedrate selection process allows the part to be cut 10% faster with
a 20-40% lower peak cutting force when compared to the original “best practice”
program provided by our industrial partner. TCM results of a HSS flat end mill
cutting 1018 steel show that the low cost power sensor can effectively monitor
tool wear if used in conjunction with a suitable power model.

Keywords: Smart Machine Tools, Tool Condition Monitoring, Feedrate Selection
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4.1

Introduction

Cutting conditions for milling should be chosen in a manner that achieves
a desired level of product quality while also maintaining safety and economy.
Cutting conditions are currently chosen in an ad hoc fashion; by using
recommendations from tables, company standards, an expert’s knowledge, or a
combination of these. Conditions defined by a set of tables are necessarily
limited. For example, the feed and speed recommendations for peripheral milling
in the Machining Data Handbook [Machinability Data Center 1980] do not
account for axial depth of cut. Neither do they account for factors such as the
condition of the machine tool, part tolerance and surface finish, or tool condition.
Tool wear can greatly affect the machining process. Cutting forces and
spindle power both grow with tool wear. Tools are sometimes replaced too early,
increasing tooling costs, and at other times, not soon enough, resulting in poor
part quality and reduced productivity.
Feedrate selection techniques combining mechanistic and geometric
models of the cutting process have been implemented with good success
[Fussell 2001, Cakir 2000, Wang 2001, Tolouei-rad 1996]. These methods use
criteria such as machining cost, cutting force, surface finish/roughness, available
motor power, tool life, and spindle speed to set feedrate and spindle speed to
optimum values.
A wide range of TCM techniques have been investigated, including optical
methods, electrical resistance measurement, motor power consumption, force
measurement, vibration, dimensional deviation, surface roughness, cutting
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temperature and acoustic emission methods [Prickett 1999, Jemielniak 1999,
Dimla 2000, Liang 2002, Rehorn 2004],
Spindle motor power is widely used in TCM systems because it is
relatively simple to measure and the sensor does not adversely affect the
machining process. These power monitoring systems are often based on a
constant threshold monitoring strategy where the measured power signals are
compared with a preset threshold that is assumed to be correlated with tool
breakage or a certain level of tool wear [Prickett 1999, Rehorn 2004], Although
the constant threshold monitoring strategy is easy to apply, it is only valid for a
particular set of machining conditions. It is easy to report false alarms because
the threshold does not consider the effect of different cutting conditions. The key
to making this work in practice is to be able to distinguish between changes in
power attributable to wear and changes due to cutting geometry. Shao et al
[Shao 2004] used a cutting power model which considers tool flank wear in a
face milling operation. Instead of relying on a constant threshold value, the
threshold is updated to compensate for the effect of variable cutting conditions.
However, the power increase from tool wear is not only related to flank wear.
With an Open Architecture Controller (OAC) it is possible to access
parameters during the cutting process, e.g. g-code line number, tool position,
feedrate, spindle speed etc. In addition, a geometry simulation system (e.g.
[Predator VCNC]) simulates the cutting process and determines the geometry of
each tool move. As a result we are able to match the measured signal with the
cutting geometry. In our previous research, a TCM system was developed based
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on a power ratio (the ratio of current tool cutting power to the estimated sharp
tool cutting power) [Jerard 2005]. In this system, a model was used to estimate
sharp tool cutting power for variable cutting conditions. The results show that the
power ratio can be correlated with the flank wear.
An average power (P) can be determined as derived in [Jerard 2005,
Schuyler 2006]:
P= K t c Q + K t e A

(4.1)

Where Q is the average material removal rate (MRR) with units of
volume/second, A has units of area/second and is related to the contact area
between the tool and the workpiece. When we refer to “cutting geometry” we are
referring to the material removal rate and contact area rate ( Q and A ) as
defined by Equation 4.1.
The cutting model coefficients

(K

tc

and

K Te )

can also be used for tool

wear diagnostics. For a HSS cutter it was noted that there is a steady increase in
Kje as cutting progresses with a sharp increase in Ktc near the end of the tool
life [Jerard 2005].
This chapter presents methods and results for feedrate selection and
TCM. The method relies on a combination of the cutting power model and online
calibration. Feedrate selection and TCM are evaluated using the SMS developed
in Chapter 1. A typical production part, obtained from our industrial partner, is
used to evaluate the SMS’s ability to calibrate, optimize, and monitor tool
condition.
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4.2 Online Calibration
Due to variations in material properties, the cutting power model
coefficients

(K

tc

, Kte)

can vary significantly (about

10% )

for the same nominal

material. This variation can be caused by material composition, heat treatments,
and manufacturing processes. Model coefficients will vary with any changes in
the material properties or tool wear. A standard calibration process as described
in Chapter 3 provides a good starting point for the model coefficients of a given
material and tool combination, but an online calibration, performed while actually
cutting the part improves both accuracy and convenience. Periodic online
calibration also enables the SMS to evaluate the cutting process and select
appropriate feedrates based on the current state of the cutting tool.
Calibration based on single tool moves is relatively simple as long as the
tool move lengths are long enough to take data for five or more revolutions.
Cutting geometry information (Q and A ) is calculated using the Predator FRA
ATL [Predator VCNC] and a regression analysis is used to solve for model
coefficients (K Tc and K te) in a manner similar to the standard calibration process
[Jerard 2005].
If the single tool moves are not long enough to take a proper data sample,
multiple tool moves can be put together into a group to make a longer tool move
group distance [Schuyler 2006]. The cutting power data for this whole group is
sampled and averaged to get the average power. The average Q and A can
also be obtained from all the tool moves in this same group. Again the system is
able to calibrate the model coefficients based on the data for all the tool move
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groups using a regression analysis (See appendix C for detail on the model
calibration algorithm with tool move groups). There must be sufficient variation in
Q and A to avoid ill-conditioned data when doing the regression.

4.3 Feedrate Selection
Feedrate selection is accomplished by finding the minimum feedrate
required to achieve the following three constraints:
•

Desired Average Cutting Power Level

•

Maximum Chip Thickness

•

Maximum Feedrate

The feedrate required to achieve the desired cutting power can be solved by
rearranging Equation 4.1 and noting that Q = Q f / s :
(4.2)
The desired average cutting power level P is calculated:
(4.3)
X

The average tangential force (Ft) can be calculated from a maximum
tangential force based on either tool deflection or tooth stress.
The maximum feedrate based on the maximum chip thickness can be
calculated as follows,
(4.4)

m ax
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Where <J> mc is the rotation angle corresponding to the maximum chip
thickness and hmax is set based on standard feed per tooth recommendations
[Machinability Data Center 1980].
The last constraint for feedrate selection is the maximum feedrate which is
set based on the machine tool capabilities and desired surface finish.
The calculated feedrate should generate a lower maximum force during
heavy cutting while reducing the total cutting time. This is accomplished by
increasing the feedrate during areas of light cutting and decreasing the feedrates
during areas of heavy cutting.
The calculated feedrate for each tool move is checked to make sure that it
is within the acceleration and deceleration capability of the machine. Excessive
changes in the feedrate are modified through a feedrate smoothing procedure.
The maximum possible change in feedrate can be calculated using basic
principles of dynamics:
f w S 1/f,2+ 2 a „ s M

(4.5)

Where f and fj+i are the current and next feedrates, amax is the machine
maximum acceleration and Sj+i is the distance traveled. The test is applied in the
forward direction to check acceleration and in the backward direction to check
deceleration.

4.4 Tool Condition Monitoring
Tool Condition Monitoring (TCM) is accomplished by using either a power
ratio of estimated sharp tool cutting power to current tool cutting power, or by
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tracking changes in the model coefficients KTC and KTe - Both of these methods
utilize the cutting power model described in Chapter 3. The power ratio method is
the simplest, as it only requires calibrated “sharp tool” model coefficients (KTc
and K te) and the ability to sample power data while cutting. Using the model
coefficients is more complex than the power ratio method, since this method
requires periodic recalibration of the model. However, it may be more promising
because the cutting power increases non-linearly with flank wear and is also
dependent on cutting geometry [Schuyler 2005].
After calibrating the two model coefficients KTc and KTe with a sharp tool
and computing Q and A for each tool move, sharp tool cutting power for each
tool move can be estimated and saved in memory before actual cutting. During
the cutting process, the system obtains G-code line numbers and tool position
information from the MDSI OAC. The cutting power data for each tool move is
sampled and compared to the estimated power. Model coefficients can also be
calibrated continuously with the data sampled. As the tool wears out, the average
cutting power increases, the ratio of measured power to estimated power will
increase. The model coefficients will change as well. The SMS is able to
recommend to the operator that the tool needs changing when the power ratio or
model coefficients exceed a chosen value.
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4.5 Evaluation Using Production Part
4.5.1 Part Description
The turbocharger nozzle ring part shown in Figure 4.1; (a) is a production
part provided by our industrial partner Turbocam Inc. Blanks, cutting tools and a
“best practice” program prepared by skilled programmers were provided. The
material is 304L stainless steel with a hardness of 135 HB. The cutting simulation
is shown in Figure 4.1 from (b) to (e). The outside (b) is cut with a 12.7 mm (1/2”)
carbide 4 flute serrated tool, the inside (c) and the top slot cut (d) are cut with a
9.53 mm (3/8”) carbide 4 flute tool, the bottom slot cut and the periphery of the
blade (e) are cut with a 5.56 mm (7/32”) carbide 3 flute tool. The actual part after
cutting is shown in Figure 4.1 (f). There are a total of 16 blades in the part.

(a) Nozzle ring before cut

(d) Nozzle ring top slot cut

Figure 4.1

(b) Nozzle ring outside

(c) Nozzle ring inside

(e) Nozzle ring bottom slot cut (f) Nozzle ring cutting finished

Turbocharger nozzle ring simulation and finished part
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The variable geometry and large number of short tool moves provided a
challenging test for our algorithms. Cutting geometry varies from full slot cuts, to
small radial depth peripheral cuts. The average tool move length is 0.762 mm
(0.03”) for this part. This corresponds to a cutting time of around 60 ms, which is
not long enough to get an appropriate power data sample. Move time must be
greater than 4 times the sensor time constant (sensor time constant is about 25
ms).

4.5.2 Online Calibration
Online calibration is performed by using data of tool move groups to
calibrate. Cutting time for each tool move group is about 1 second. The model
coefficients from online calibration for each tool are listed in Table 4.1. As seen in
Figure 4.2, the online calibration results in a maximum power relative error of
60%, which is much larger error than that from the maximum standard calibration
error (18%) described in [Schuyler 2006]. This difference in errors is a result of
the cutting geometry variations and the delay introduced by the time constant of
the power sensor (25 ms).
Table 4.1 Online calibrated model coefficients for each tool
Tool Diameter
(mm)

Nt

K jc

K te

(N/mm2)

(N/mm)

12.70

4

1688.52

13.33

9.53

4

1502.83

37.30

5.56

3

1484.42

48.26

64

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.

Relative Error of Estimated Power (with online calibrated constants)
for all turbocam tools when cutting nozzle ring
80.0%
9.53mm Tool

Ert_P (%)

40.0%

12.7mm Tool

20 .0%

0 .0%
200
- 20 .0 %

-40.0%

-60.0%

Figure 4.2 Relative error in power estimation using online calibrated
parameters
Relative Error of Filtered Estimated Power (with online calibrated constants)
for all turbocam tools when cutting nozzle ring
80.0%
60.0%

Err_P {%}

40.0%

12.7mm Tool

20 .0%
0 .0%
150
- 20 .0%

-40.0%
-60.0%

Figure 4.3 Relative error in power estimation using online calibrated
parameters and filtering
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200

To simulate the time delay effect, a first order digital filter is used to filter
the power estimations, and this is then compared to the actual measured power.
Figure 4.2 and 4.3 show the error in the power estimation by using the online
calibrated parameters with and without the filter for all three cutting tools. The
reduced relative error indicates that filtering the model estimated power can help
improve accuracy.

4.5.3 Feedrate Selection
The feedrate selection process allows the part to be cut 10% faster with a
20-40% lower peak cutting force when compared to the original “best practice”
program provided by our industrial partner. The optimized feedrates also reduced
tool deflection, and generated a better visual surface finish.
Test results for feedrate optimization for the three tools used to cut the
part can be seen in Figure 4.4, 4.5 and 4.6, which show the total resultant force
(measured by our Kistler 9257B table dynamometer) and feedrate versus
distance traveled.
Table 4.2 summarizes the results for all three tools. Note the significant
reduction (40% for 9.53 mm tool) in peak forces during heavy cutting and the
slight increase in force load during light cutting. More detailed results can be
found in [Schuyler 2005].
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Nozzle Ring 12.7mm Tool Force Signal
Actual cutting

-300
1000

-400
500

h*

-500
-600

50

65

80

95

110

Distance Traveled (mm)
Figure 4.4

Total resultant force and feedrate profiles for 12.7mm tool, original constant & variable feedrates
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Nozzle Ring 9.53mm Tool Force Signal
Actual cutting
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Nozzle Ring 5.56mm Tool Force Signal
Actual cutting
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Figure 4.6

Total resultant force and feedrate profiles for 5.56mm tool, original constant & variable feedrates

Table 4.2 Feedrate optimization results for turbocharger nozzle ring
Tool Diameter

% of Fxy

% of Power

% of Time

(mm)

Decrement

Decrement

Decrement

12.70

19.8%

22.5%

11.4%

9.53

40.9%

34.5%

7.7%

5.56

27.8%

19.2%

10.2%

Reducing the force load on the tools also prevented a catastrophic tool
failure. The original feedrate for the 5.56 mm (7/32”) tool was too aggressive and
the tool broke while cutting the second part. The tool wear from cutting the first
part was sufficient to increase the cutting forces just enough to break the tool
while cutting the second part. With the optimized feedrate the tool did not break.

4.5.4 Tool Condition Monitoring
In the power model, Ktc is related to the shearing component of the
cutting force and

K te

is related to the rubbing component of the cutting force. If

the cutting edge does not chip or break, the majority of the power increase
should be only attributed to the growth of the wear land (VB). Therefore, the
power ratio will vary with changes in cutting geometry. The model coefficients
should be a better indicator for tool wear, as changes in Ktc will specifically show
effects of cutting edge chipping or breaking and changes in

K Te

will show effects

of wear land increases [Schuyler 2005].
The 9.53 mm (3/8”) carbide tool used to cut the nozzle ring was also
analyzed for wear. The model coefficients were obtained using the standard
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calibration test described in Chapter 2 at various wear states. Table 4.3 shows
the model coefficients for the different wear states of the tools. Figure 4.7 shows
photos of each of the tools, used in this experiment, taken after the calibrations
were performed. Note the change in Krcand KTEand the corresponding change
in the tooth condition in the photos. After cutting 4 nozzle rings (about 10 minutes
cutting time), only flank wear can be noticed (See Figure 4.6b). At this point, KTe
increases by 30% but KTc is relatively constant (second row in Table 4.3). Figure
4.6c shows a different tool that cut 150 production parts (about 320 minutes
cutting time) in our industrial partner’s facility. The corresponding model
coefficients (the last row data in Table 4.3) shows a 32% increase in KTc and
70% increase in K te for this worn out tool.
Table 4.3 Change in model coefficients with tool wear for 9.53mm Sandvik tool
Tool Index
3/8” Sandvik

Workpiece

1

Stainless
Steel 304L,
169HB

1
2
3

Stainless
Steel 304L,
322HB

K tc

K te

(N/mm2)

(N/mm)

2181.64

20.09

Cutting
Time
(min)
0

2172.86

26.52

10

2223.50

23.29

0

2944.72

39.57

320

Figure #

4 .6

(a)

4 .6

(b)

4 .6

(a)

4 .6

(c)

Tool Index:
Tool #1 was calibrated in SS 304L (169 FIB) and was used to machine
nozzle ring parts in the same material that was provided by
Turbocam.
Tool #2 is a different tool that was calibrated in a harder stainless steel
(322 FIB) due to the small quantity of 169 FIB material provided.
Tool #3 is a worn tool provided by Turbcam that was cut in the harder
stainless steel.
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(a) Sharp tool

(b) After 4 nozzle rings (c) After 150 nozzle rings
Figure 4.7 Photos of 9.53 mm (3/8”) tool flank

4.6 Conclusions
In this research a Smart Machining System (SMS) is implemented and
evaluated for its ability to optimize feedrates and monitor tool condition. This
SMS can handle very complex geometry, short tool moves, online calibration,
feedrate optimization, and tool condition monitoring using a simple power model,
and an inexpensive/non-invasive power sensor.
The power model was shown to work well for both the standard calibration
test and online calibration. The maximum relative error for the cutting power
estimation is less than 18% for a sharp tool with standard calibration. A grouping
approach is used successfully for online calibration for the nozzle ring, a part
which is challenging because the cutting geometry varies greatly between short
tool moves. The relative error for online calibration is less than 20% for most
cases, but much larger for others. A first order filtering of the model estimated
power to approximate the sensor time constant is shown to improve power
estimation for the online calibration results. Further investigation needs to be
done to identify the effects of the power signal delay.

72

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.

Feedrate optimization based on cutting power has shown promising
results by decreasing cycle time, force loads, and improving surface quality.
Further tests are needed to quantify the effects on tool life.
Since our current model is based on average cutting power the
optimization is only considering the average tangential cutting force. Feedrate
setting based on peak tangential force can be easily implemented. The
optimization might be improved if the radial forces were known but these forces
can’t be estimated with motor spindle power. It is certainly possible to estimate
radial force coefficients by measuring force directly via our Kistler dynamometer,
but at the cost of introducing considerable complexity and expense. Further
research is needed to quantify the potential gain.
Monitoring the power ratio and model coefficients are shown to be useful
for tool condition monitoring. The power ratio increases as the tool wears out;
however, the increase is not consistent for different cutting conditions. The
changes in the model coefficients are more useful, in that Ktc will increase with
edge chipping and breakage, while KTe will increase as the flank wearland
expands [Xu 2006b].
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CHAPTER 5

CONSTRAINT BASED PROCESS PLANNING

Abstract
This chapter presents a constraint based process planning algorithm by
extending the automatic feedrate selection strategy in Section 4.3 to ball end
milling of sculpture surfaces. Model accuracy and utility are improved by a
calibration process that uses spindle motor power and a wide variety of test cut
geometries. Different constraints are set for rough, semi-finish, and finish passes.
An NC part program is processed one tool move at a time by the feedrate
selection planner. For each tool move a geometric model calculates the cut
geometry. The selection algorithm then chooses the fastest possible feedrate
subject to constraints on part quality, tool health and machine tool capabilities.
Experimental results for a sculptured surface bottle mold show the value of the
method as an aid to process planning.

Keywords: process planning, feedrate selection, sculptured surfaces, models,
constraints, optimization.

5.1 Introduction
The focus of this chapter is on the integration of geometric and mechanistic
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end milling models for automatically setting feedrates for 3-Axis CNC sculptured
surface machining programs that result in safe, accurate, and efficient tool
movements. The continuously changing cutting geometry encountered in
sculptured surface machining makes it difficult to manually select the best
possible feedrates. Typically, the process planner will set a constant feedrate for
a number of cutter paths, based on the worst case cut geometry. This provides a
conservative choice, but does so at the expense of efficiency and requires
considerable effort on the part of the planner. An automated feedrate selection
system would create more efficient toolpaths with less time and effort by the
process planner.
Some of the first work on feedrate planning was by Wang [Wang 1988],
where he used a z-map representation of the workpiece and a simple volumetric
model to relate cutting force to the metal removal rate (MRR). However, the MRR
model is limited since the force magnitude and direction are unknown. Work by
Takata [Takata1993] resulted in a process planner for 214 axis flat end milling,
using a solid modeler for intersection calculations. Yang and Sim [Yang 1993]
developed a feedrate adjustment system for ball end milling. Spence and Altintas
[Altintas 1994] as well as Bailey et al. [Bailey 1996] developed a 214 axis process
simulation and planning system that utilized solid modelers for the workpiece
geometry description. This provides a method for determining the volumetric
intersection of the tool with the workpiece. Feedrates are scheduled through use
of the tool/workpiece intersection data provided by the solid modeler and a ball
end mill mechanistic model. Mounayri et al. [Mounayri 1998] extended the force
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and torque simulation capability of a solid modeler system to 3-axis milling of
complex parts. They use a cubic Bezier representation of the cutting edges, and
intersect this with the swept tool volume. Experimental verification of the system
is shown for 2/4 axis semi-finish ball end milling of a die.
Lazoglu and Liang [ Lazoglu 1996] proposed a feedrate optimization
scheme for complex surfaces that uses a frequency domain mechanistic model.
They maximize the MRR under the constraint of a maximum resultant force.
Altan et al. [Altan 1998] have developed a process planner that keeps the chip
load constant during sculptured surface finish machining by adjusting both the
feedrate and spindle speed. Stori et al. [Stori 1999] developed a planning system
that integrates analytical and simulation models of milling in order to maximize
the metal removal rate under the constraints of form error and surface roughness.
The instantaneous geometry of the cut for complex surfaces is not considered.
Fussell et al. [Fussell 2001] combined discrete models of the cut geometry
and cutting force for feedrate selection in 3-axis ball end-mill machining.
Instantaneous cut geometry for each tool move is considered when setting
feedrates. Cutting force modeling for feedrate scheduling was extended to five
axis machining by [Hemmett 2001, Fussell 2003], Ko et al. [Ko 2003]
demonstrated a 2 14 axis flat end-mill feedrate scheduling system that uses
instantaneous cut geometry in the force model along with surface error prediction.
Erdim et al. [Erdim 2006] also introduced a feedrate scheduling strategy for 3axis sculptured surfaces. They showed that a system using a discrete
mechanistic force model is much better than one using MRR models such as
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those used in commercially available CAM systems [CGTech, Mastercam]. Their
cutting tests show the inaccuracy of the MRR in predicting force for light depths
of cut. Their force model requires

6

coefficients for each axial slice of the ball end

mill.
This chapter builds upon some of our previous research [Fussell 2001].
The primary extensions are in the force model calibration method which make
the method much easier to apply, the use of a commercial package for finding
cutting geometry, and in the more intelligent use of constraints designed to
provide insight to the process planner and to automate the feedrate selection
process.

5.2 Model Calibration
A linear force model with edge effect is used as described in Section 3.2 of
Chapter 3, Section 3.4 describes the model calibration procedure. A calibration
test was performed that included thirty-five different combinations of feedrate,
axial and radial depth. A two flute, 12.7mm (0.5 in) ball end cutter, rotating at
2142 rpm, is used to machine 6061-T6 aluminum. Specific conditions, measured
power and calculated values for Q and A are listed in Table 5.1. Best fit values
for

Ktc

and

KTe

for the ball of the cutter are obtained via Equation 5.10. Model

accuracy as shown in Figure 5.1 indicates good results. Note that a separate
calibration is required, as reported in [Fussell 2001], to obtain the coefficients for
the the cylindrical portion of the cutter.
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Table 5.1 Calibration data for ball end mill
35 cutting tests; 12.7 mm diameter, 2 flutes, ball end mill, HSS 30° helix
angle, w = 2142rpm, t = 0.014sec, K t c = 760 N/mm2, K Te = 16.78 N/mm.
Cutting power is estimated using a model with edge forces. P = KTc*Q +
K te *

No.
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35

A_____________________________________________________________
Cutting
Estimated
Power
Feed
axial radial
Q
Power
Cut
(N
(mm.) (mm.) (mm/min) (mm3 /sec) <mmie c >
(N m/sec)
m/sec)
320.04
219
6493
274.3
275.6
4.76 12.30
6493
389.9
358.9
4.76 12.30
480.06
329
409.2
576.58
395
6493
457.3
4.76 12.30
4242
146.5
167.1
320.04
126
3.18 11.00
189
4242
230.1
215.0
3.18 11.00
480.06
o
227
4242
272.3
244.0
3.18 11.00
576.58
CO
703.58
277
4242
314.3
282.0
3.18 11.00
320.04
1782
62.0
60.7
1.59
8.40
40
8.40
480.06
61
1782
90.9
76.0
1.59
1782
100.9
1.59
8.40
576.58
73
85.3
1782
112.7
97.5
1.59
8.40
703.58
89
296.4
9.53
320.04
272
6783
320.6
6.35
411.9
424.0
9.53
480.06
408
6783
6.35
320.04
182.4
204.6
6.35
6.35
169
4523
E
254
4523
240.8
269.0
6.35
6.35
480.06
c
320.04
49
1782
69.2
67.3
5.50
3.18
o
Q
1782
3.18
480.06
74
95.9
86.1
5.50
1782
3.18
576.58
89
108.5
97.3
5.50
1782
119.5
112.2
5.50
3.18
703.58
108
9.53
320.04
272
6796
311.9
320.8
6.35
6796
427.0
424.3
6.35
9.53
480.06
408
320.04
169
4523
190.3
204.0
6.35
6.35
4523
258.6
268.0
6.35
6.35
480.06
253
1
CL 5.50
3.18
320.04
49
1792
75.0
67.6
D
74
1792
99.1
5.50
3.18
480.06
86.3
576.58
89
1792
110.5
97.6
5.50
3.18
128.4
3.18
703.58
108
1792
112.5
5.50
118.7
3.18
320.04
106
2259
98.8
6.35
3.18
480.06
159
2259
136.6
159.1
6.35
2259
157.2
183.5
6.35
3.18
576.58
191
Q)» 6.35
234
171.6
215.5
3.18
703.58
2259
<1)
1482
64.1
3.18
320.04
52
49.1
3.18
o
75.7
480.06
77
1482
83.8
3.18
3.18
1482
79.9
3.18
576.58
93
95.6
3.18
114
1482
88.7
111.2
3.18
3.18
703.58
-1—
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Calibration results of 0.5" HSS BEM, 2 flutes, s**2142rpm,
Ktc“ 760.3N/mm2, Kte*16.78N/mm
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Figure 5.1
Comparison of measured and model estimated power for ballend calibration cuts
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If a force dynamometer is not available, then KNc and Kne can be
approximated as a ratio of KTC and KTE. In the literature, the ratio of 0.3 is often
used between Kn and Kj [Tlusty 2000 pg. 417]. In a test that we performed using
our Kistler force dynamometer, we found that KNc = 0.83 Ktc and KNE = 0.17 Kj E
(See Appendix B for description on how to get the normal coefficients). With
these coefficients we found good agreement between experimentally measured
values of Fx, Fy and model estimated values (see Figure 5.2).
25.4 mm-4Flute- FEM, 30deg helix, AD=3.81mm. 1527rpm. runout=0.0206mm".
K t c = 7 1 0 . 6 MPa, K te = 1 9 . 1 2 N/mm, K nc = 5 9 0 .1 MPa, K ne = 3 .2 1 N/mm
1/4-Diameter Center Cut, 0.389 m/min
— 1/4 Center fx-sim
— 1/4 Center fy-sim
a 1/4 Center fx-Act
■ 1/4 Center fy-Act

400
300

200
2

(ft
«
u
o
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100
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-100
-200
-300
Rotational Positon of the Cutter (deg)

Figure 5.2

Comparison between measured and model estimated forces

Spindle motor power measurement is an attractive choice due to the noninvasive and inexpensive sensor used, but it does require a bit of care in its use.
The sensor used [LCI] measures electrical input power to the spindle motor at a
sampling rate of 100Hz. Some of this power is used to cut the part, while some of
it is lost due to the electrical losses of the motor (i.e. stator copper, magnetic,
80

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.

rotor circuit losses, etc.) and mechanical friction losses in the spindle drive
system. These losses can be combined into a baseline or tare power that is
proportional to spindle rpm and motor temperature [Cuppini 1990]. During certain
cutting conditions, the losses can be an order of magnitude larger than the
cutting power. Accurate estimation therefore requires a careful accounting of the
losses.
Tare power is a function of motor temperature and must therefore be
sampled frequently after the spindle/motor system is “warm” and at the desired
spindle speed. The motor efficiency of

8 6

% is assumed (Note: this experiment

was done before we calibrated the spindle motor to get an accurate motor
efficiency curve. See Section 3.4 for more detail.) and taken into account for both
the measured power while cutting and the measured tare power.
This method of measuring cutting power has been investigated and
compared to measurements taken from a Kistler 9257B table dynamometer.
Experiments involved cutting a thin wall of material right down the center of a flat
end mill (center-cut), so that the majority of the y force component (x being the
feed direction) would be a tangential force on the tool. Another experiment used
the Kistler to measure torque while plunging the tool straight down in the zdirection. The motor power measurement, when adjusted for frictional losses and
motor efficiency, is within a few percent of the cutting power measured by the
Kistler. Motor power is resolved to within 0.1% of the maximum power (7.5 W on
a 7.5 KW motor).
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5.3 The Use of Constraints in Feedrate Selection

The primary focus of this chapter is on using models to set the best
possible feedrates for three axis sculptured surface machining. We assume that
the general strategy has already been selected, tools for roughing, semi-finishing
and finishing have been chosen and appropriate spindle speeds calculated by
looking up recommended surface speeds from a table [Metcut 1986]. All that is
left to do is select the best feedrate for each tool movement. In this section, we
describe the constraints used to choose the feedrates, and in the next section we
show its application to a typical sample part.
The goal is to select the fastest feedrates possible, subject to a set of
constraints that must be maintained. These constraints can be placed in three
general categories: part quality, tool health and machine tool limitations. The
machine tool limitations include the maximum power, torque, velocity and
acceleration limits of the machine, factors which are easily checked using
simulation and are therefore not discussed in any detail in this chapter.
The constraints imposed on the process by part quality and tool health
depend on a number of factors including the tool and workpiece material as well
as on the type of operation, i.e. roughing, semi-finishing, finishing. An example in
the next section will illustrate the process and examine the trade-offs.

5.3.1 Part Quality
The quality of the part is defined by dimensional accuracy and surface
finish. Feedrate can potentially affect both of these characteristics. The
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relationship between machining conditions and part quality is complex [Paris
2004, Zhu 2003] and our current approach has practical value, despite being a
simplification.
Excessive tool deflection caused by high cutting forces can create
machined surfaces that fall outside the required tolerances. From basic strength
of materials beam analysis, the relationship between cutting force and tool
deflection is defined by Equation 5.1.

F L3
S= —
3El

(5.1)

Where the deflection equals the applied force (F), conservatively assumed
to be at the end of a tool of length (L), E is the modulus of elasticity of the tool
material and I is the moment of inertia. The moment of inertia can be estimated
as:
/=

(5.2)

64

Deff is the “effective diameter”, equal to

0 .8

of the tool diameter to account

for the tool flutes [Kops 1990],
Surface quality estimation can be used as a limiting factor for feedrate
selection within a chosen cutting strategy. Figure 5.3 shows the surface
generated due to the forward motion (feed) of the cutting tool. It is assumed that
the cycloidal path of the cutting edges can be replaced with circles representing
the tool circumference separated at distance equal to the feed-per-tooth value.
The error introduced by this assumption is less than 2% for the feed-per-tooth
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values for cylindrical cutters. For ball end mill cutters the error introduced by the
approximation worsens toward the tip of the tool. The accuracy is acceptable for
r(u) greater than twice the feed-per-tooth. Since the feed-per-tooth is typically
less than 2 % of the tool diameter this error is acceptable.

Surface Peaks due
to Feed-per-Tooth

Figure 5.3

Surface finish effects caused by feed forward

The definition of the surface roughness is the average distance from the
mean surface line. The surface roughness value resulting from the feed of the
cutting tool can be calculated with the following equation developed from the
intersection of two consecutive circles separated by the feed-per-tooth (Figure
5.3):

Where ft is the feed-per-tooth, and

7

is the y coordinate of the mean line

passing through the surface contour:

c
4 r \ u ) - f ? l 4 ) + rHul

/ _ /J |

(5.4)

v
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Note that the surface roughness is a function of the tool radius. The
largest Ra occurs at the smallest radius of the ball end mill that is in contact with
the workpiece. For values less than this, the cycloidal motion of the cutter must
be considered for accuracy. This requires an iterative approach since the
equations do not permit a closed form expression.
A typical 12.7 mm four-flute flat end mill rotating at 1500 rpm would have a
range of surface roughness values depending on the feedrate of the cutting tool.
For feedrate values between 0.1 m/min and 1.5 m/min the estimated surface
roughness values range from 0.0014pm to 0.316pm. In practice, the surface
roughness values for milling process are between 0.2pm and 25pm. The
estimated roughness values are negligible compared with these typical values.
The estimated roughness values correspond to the ideal case with no tool runout,
and no tool vibration. The preliminary results from the surface roughness
analysis reveal the significant effects of tool runout and vibration on the surface
roughness [Desfosses 2007]. Feedrates were therefore set based on an
empirical relationship between the desired surface finish and the feedrate.

5.3.2 Tool Health
There are two factors in feedrate selection which may adversely affect the
health of the tool: maximum chip thickness (hmax) and shank bending stress (Ob).
The maximum chip thickness is found by use of Equation 3.4. Excessive values
of hmax will cause tooth failure and accelerated wear. Allowable values for a
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particular tool - workpiece material combination can be looked up in tables and
may also be recommended by cutting tool manufacturers.
If the bending stress at the tool shank is excessive the tool may break.
This is a common problem with small diameter or particularly long tools. The
bending stress equation is (from basic strength of materials):

(5.5)
Acceptable values for ab depend on the yield strength of the cutting tool.
Cutting tool manufacturers do not publish yield stress values, but 1500MPa might
be used as a reasonable starting point for high quality tool steel.

5.3.3 Feedrate Selection Process
Each constraint mentioned above leads to a feedrate limit. The optimum
feedrate is the minimum of these feedrate limits, which can be obtained either
directly by solving an equation or with a numerical iteration method.
The feedrate value for maximum chip thickness can be calculated by a
rearrangement of Equation 3.4.
j *

__________ m a x

t

_______

(d* Ns(0,u))Max

(5.6)

Where hmax is set based on standard feed per tooth recommendations
[Metcut 1986], and the denominator designates the location on the cutter where
the chip thickness is a maximum.
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The feedrate selection is based on the desired part quality as limited by
tool deflection and surface finish, and the tool health as limited by bending stress
and maximum chip thickness. Since tool deflection and bending stress are both
functions of the cutting force, Equations 5.1 and 5.5 are both solved for the
allowable force, and the lower value is used to limit the feedrate. An iterative
algorithm (e.g. bisection or secant method) can then be used to find the feedrate
corresponding to the constraining force [Fussell 2001].
The calculated feedrate for each tool move is then checked to make sure
that it is within the acceleration and deceleration capability of the machine.
Excessive changes in the feedrate are modified through a feedrate smoothing
procedure. The maximum possible change in feedrate can be calculated using
basic principles of dynamics:

^ i+ l —

^ m a x ^ + l

^ 0

Where f and fi+i are feedrates for the current and next tool move, amax is
the machine maximum acceleration and Si+i is the move distance for the next
move. The test is applied in the forward direction to check acceleration and in the
backward direction to check deceleration.

5.4 Experimental Testing
The utility of the proposed method is verified by applying it to a test case,
the sculptured surface machining of a bottle mold (Figure 5.4). The
127x203x50.8 (mm) aluminum mold was machined in three phases: roughing,
semi-finish and finish cutting. Toolpaths were generated using a commercially
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available CAM system from Engineering Geometry Systems [FeatureCam],
Roughing is accomplished with a 25.4 mm high speed steel, four flute, flat end
mill. The semi-finishing operation uses a 12.7 mm carbide, two flute, ball end
cutter. A two flute cutter was chosen for semi-finishing to alleviate chip clogging.
A 12.7mm high speed steel, four flute, ball end cutter was selected for finish
cutting.

Figure 5.4
Bottle mold part (a) during rough cutting with a 25.4mm (1”)
flat-end mill), (b) during finish cutting with a 12.7mm (1/4”) ball-end mill and
(c) the finished mold.
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FeatureCam includes built-in tables for a wide variety of materials and
cutting tools, and will automatically calculate a recommended spindle speed and
feedrate. These recommended cutting conditions for the mold are shown in Table
5.2. These values were used to generate tool paths for cutting the bottle mold on
our FADAL EMC vertical milling machine. The resulting CNC program produced
a part of acceptable quality without damaging the cutting tools, while staying
within the power limits of the CNC machine. Cutting forces and motor spindle
power were measured during the cutting process at a sample rate of every 3
degrees of spindle rotation (3045 Hz for roughting, 9778 Hz for semi-finishing
and finishing).
Table 5.2 Tool information and original cutting conditions
Rough
Cutter
Overhang length (mm)
Modulus E (GPa)
Surface speed (m/min)
Spindle speed (rpm)
Feedrate (mm/s)

25.4mm flat
end 4 flute
HSS
47.6
207
1 2 2

1527
12.7

Semi-Finish
12.7 mm ball
end 2 flute
carbide
57.1
538
195
4889
12.7

Finish
12.7 mm ball
end 4 flute
HSS
57.1
207
195
4889
12.7

5.4.1 Choosing Constraints
In the next phase of the testing, constraints were chosen to select variable
feedrates for each tool movement. Since most operators might not have a good
idea of how to choose constraints, an analysis of the original program can be
used to provide some insight. The process simulator uses the geometric
modeling information from Predator and the force model to calculate cutting
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forces and maximum chip thickness. With these results, maximum bending
stress and tool deflection for the original program can be calculated as shown in
Table 5.3. The first row of Table 5.3 is the calculated maximum force from the
simulation which is substituted into Equations 5.1 and 5.5 to calculate the
deflection and bending stress shown in the next two rows. The maximum chip
thickness encountered, as calculated by Equation 3.4 is listed in the fourth row.
Table 5.3 Force, stress and deflection with original program
Rough

Semi-Finish

Finish

449

665

134

26

369

74

Deflection (mm)

0.0094

0.1471

0.0770

Maximum chip thickness (mm)

0.1245

0.0762

0.0418

Maximum Force (N)
Bending Stress (MPa)

Table 5.4 Machining Condition Constraints
Rough

Semi-Finish

Finish

207

369

207

Allowable Bending Stress (MPa)
Allowable Deflection (mm)

0.076

0 .1 0 2

0.076

Allowable Force (N)

3577

459

133

Maximum chip thickness (mm)

0.2032

0.0762

0.0418

Surface finish - feedrate (mm/s)

33.9

33.9

19.1

Constraints for setting variable feedrates are now determined as shown in
Table 5.4. The first row is the maximum bending stress which is set based on the
strength of the cutting tool. The carbide tool used for semi-finishing is stronger
than the HSS tools used for roughing and finishing and is therefore given a
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higher value. These bending stress values are set very conservatively to avoid
the possibility of tool breakage.
The allowable deflection depends on the operation; for roughing it is
somewhat irrelevant and can be set to a high value. For semi-finishing it is
important to leave a uniform skin thickness for the finishing operation and should
be set to a value of less than 10% of the skin thickness. The allowable finish
operation deflection should be less than the desired tolerance of the part. The
first two rows of Table 5.4 are used to calculate the allowable force in row 3 by
taking the LESSER of the two values obtained by solving Equations 5.1 and 5.5.
The maximum chip thicknesses are set to a table selected value for roughing and
to the values encountered during the original program for the other two
operations. Maximum feedrate values are set high for roughing and semi
finishing since surface finish is unimportant, but low for finishing where surface
finish is important.

5.4.2 Results
The feedrate selection program selects the minimum of three calculated
feedrates based on the last three lines of Table 5.4: maximum force, maximum
chip thickness and maximum feedrate. Cutting times and maximum forces for the
three machining phases are shown in Table 5.5. The original feedrates used
were those shown in Table 5.2. Overall, the cutting time for the 31,202 line
program was reduced from 78.7 minutes to 59.9 minutes, a 23.9% reduction.
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The results in Table 5.5 show that the maximum force during roughing
increased by 42.6%. This is acceptable since the process analysis of the original
program showed that the forces were much lower than harmful levels. During
semi-finishing both the cutting time and peak forces were reduced compared to
the original program. Figure 5.5 shows measured resultant forces for the original
and optimized feedrates for one area of the semi-finish cutting. This was a critical
area where the tool moved through the neck of the bottle mold (see labeled area
on Figure 5.4). The tool is essentially slot cutting and therefore encountering a
heavy chip load with associated large forces. The finish cutting results also show
a reduction in both cutting time and peak force values.
Table 5.5 Comparison of measured cutting time, maximum forces for original
and optimized feedrates (Org. - Original, Opt. - Optimized, Dif. - Difference)
Rough
Semi-finish
Finish

Cut
Time
(min.)
Max
Force
(N)

Org.

Opt.

Dif.

Org.

Opt.

Dif.

Org.

Opt.

Dif.

15.5

9.7

-37.3%

1 1 .2

9.7

-13.4%

52.0

40.5

-2 2 .2 %

914

1303

+42.6%

1342

894

-33.4%

391

231

-40.8%

The feedrate selection program also reports what percentage of the
cutting time was constrained by each of the three constraints (see Table 5.6).
Table 5.6 Percentage of cutting time limited by each constraint
Rough

Semi-finish

Finish

0

1.3

0.4

Max Chip Thickness

95.6

98.6

1.9

Surface finish - feedrate

4.4

Max Force

0.1

97.7
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The results shown in Table 5.6 show that the selected feedrates are
primarily constrained by chip thickness for both roughing and semi-finishing and
by the surface finish for finishing. Cutting force never constrains roughing and
only constrains semi-finishing and finishing very slightly.

5.4.3 Discussion of Results
A process planner can learn much from a thoughtful examination of these
results. Starting with roughing, it is clear that the tool is in no danger of breaking
and tool deflections are minimal. Since surface finish is not a concern some gain
might be realized by increasing the feedrate constraint making the tool paths
100% constrained by chip thickness. But it is clear that much larger gains could
be realized by finding a tool that allowed for a more aggressive chip thickness.
In the case of semi-finishing, the insight is similar to roughing, namely the
biggest gains can be realized by increasing the allowable chip thickness. In
contrast, during finishing, the surface finish requirements have a major effect on
the cutting time. Here there is little to be gained unless it is acceptable to
decrease the surface quality. Therefore the process planner might want to
investigate the effect of an increase in spindle speed to increase feedrates
without changing the feed-per-tooth.
The small percentage of cutting time constrained by forces might lead one
to conclude that analyzing cutting forces is unimportant. This is incorrect. The
1.3% of the semi-finishing affected by force occurred when the tool was taking a
very heavy cut through the “neck” of the bottle mold (see Figure 5.4 for of location
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Peak Force and Feedrate vs Distance
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Figure 5.5
Comparison of peak resultant forces as the tool passes through the “neck” of the bottle mold. Top
graph shows original and optimized feedrates. Bottom shows comparison of measured forces. Optimized forces
are generally higher during light cutting, but are lower in the area of heavy cutting. Peak forces are reduced by 33%
while cutting time is reduced by 13%.

the neck and Figure 5.5 which shows the large force variation in that area). A tool
can break in a millisecond and although the portion of cutting constrained by
force is a small percentage of the time, it is a critical percentage.
The folly of discounting the importance of force modeling is further
illustrated by another example. Assume that the semi-finishing tool was 76mm
long instead of 57 mm. Since deflection is proportional to tool length cubed
(Equation 5.1), the allowable force drops from the 459 N shown in Table 5.4 to a
value of 194 N. This precipitous drop flips the report for semi-finishing such that
the feedrate selection is constrained by the allowable force values 74.4% of the
time and by chip thickness for the remaining 25.6%. Furthermore, cutting time for
semi-finishing increases from 11.2 minutes to 15.2 minutes. Don’t use long
flexible tools if you can avoid it. Of course, sometimes you can’t, e.g. when
accessibility is limited, and this is where the process simulation and feedrate
selection algorithms could be invaluable.
Although cutting efficiency may be important for high production quantities,
it is more likely that the process planner will benefit by an improved confidence
that the machining conditions will cut a part of acceptable quality without
damaging the tool and within the capabilities of the CNC machine on the very
first attempt. Furthermore, saving the constraints of Table 5.4 for later use allows
past successes to be applied to similar future tasks.
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5.4.4 Limitations

The model that we are using does not include any dynamic effects, i.e.
chatter. But chatter was encountered during semi-finishing when the ball end mill
cut through the neck.
Measured force and simulated force for the bottle neck
1000
—i-- Measured Force
- e - Simulated Force

900
800
700
600

z
0

G)
o

500

^

400
300

200
100

100

150

200

250

300

350

Angular position (°)

Figure 5.6
Measured and simulated resultant forces are compared for
one revolution of the tool during semi-finishing of the neck area of the
mold.
Figure 5.6 clearly shows the high frequency force variations that occur at
the neck area of the mold during chatter conditions. Peak forces are much higher
than the model predicted forces shown in the same figure. The measured forces
generally follow the simulation but with the high frequency chatter effects
superimposed. Data is sampled at 3 degree intervals of tool rotation. A modal
analysis of the frequency content of the measured resultant forces revealed a
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chatter related force component at around 980Hz superimposed on the tooth
passing frequency component of 163Hz. Chatter marks were clearly evident on
the machined surface.
There are a number of other factors that cause the model estimated forces
to differ from the measured forces. The CNC machine’s actual and programmed
feedrates may differ, particularly at corners. The actual chip thickness may vary
because of tool or part deflections. The Kistler load sensor introduces additional
dynamic errors, particularly during suddenly applied forces. Nonetheless, the
method has proven to be successful for setting feedrates which both decrease
peak forces and improve process efficiency. But a prudent user would be advised
to include a generous safety factor, particularly if tool breakage were an issue.

5.5 Conclusions
A feedrate selection planner has been created to choose the fastest
possible feedrates subject to constraints which affect part quality and tool health.
NC part programs are processed one tool move at a time by the planner. For
each tool move a geometric model calculates the cut geometry. A feedrate
selection algorithm then chooses the fastest possible feedrate subject to
constraints on maximum chip thickness, maximum resultant cutting force, and
surface finish requirements. The feedrate is written into the part program
resulting in a file that contains a feedrate for each tool move.
Accurate cutting force estimation is dependent on accurate force model
coefficients. We have created a calibration method that uses a simple and
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inexpensive spindle power sensor to find the tangential force coefficients. A wide
variety of cut geometries are used in the calibration process in order to make a
robust force model. Unfortunately, the normal coefficients still require force
measurements. We continue to pursue methods to eliminate the force sensor,
which is typically intrusive and expensive. Cutting tests demonstrated good
accuracy of the force model in predicting force and cutting power for ball end
milling.
Experimental results for a sculptured surface bottle mold show the value
of the method as an aid to process planning. Feedrates during heavy cuts were
slowed down, eliminating excessive tool deflection and potential tool breakage.
Overall, the cutting time for the 31,202 line program was reduced from 78.7
minutes to 59.9 minutes, a 23.9% reduction. In addition, the process simulator
indicates the amount of time the feedrate is limited by chip thickness (tool health),
maximum feedrate (surface finish), and cutting force (tool health and part
tolerance). A process planner can use this information to make intelligent
decisions which improve productivity and part quality.
Model accuracy was good for the calibration cuts, but estimated and
measured forces encountered during the bottle mold test case showed significant
variation, primarily due to chatter conditions which are not yet included in our
model. Future efforts will be directed toward including dynamic effects and tool
wear in the force model, and in further defining the relationship between cutting
conditions and part quality.
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CHAPTER 6

SUMMARY AND FUTURE WORK

6.1 Summary
6.1.1 Smart Machining System
A testbed has been assembled for performing research on Smart Machine
Systems. It uses a commercially available OAC from MDSI, geometric modeling
software from Predator along with a number of modules developed at UNH. A
high bandwidth Kistler load cell, LCI power sensor and AKG contact condenser
microphone provide measurements of cutting forces, motor spindle power and
tool vibrations

respectively.

Modularized

software

programming

provides

sufficient flexibility to accommodate both present and future technologies.
A key aspect of the testbed is its ability to provide synchronization
between process measurements and model estimates. This permits real time
feedback from the smart machine tool regarding the current machine tool
process. This information may be used to determine model-specific parameters,
such as cutting energies, transparent to the CNC operator during normal
machining operations. This information can be used to more accurately
determine model coefficients for the actual tooling and materials in use, rather
than relying on tabular values. The information can be further used to update
these model coefficients as the machining state changes (e.g. tool wear)
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providing both a continued improvement in model accuracy as well as a way to
monitor the health of the machine and the machining process.

6.1.2 Model Calibration
A power model based on a linear force model with edge effect is derived.
The robustness of the model is verified through experiments with a wide variety
of cutting conditions. Results show good agreements between measured power
and estimated power for both the standard calibration test and online calibration.
The maximum relative error for the cutting power estimation is less than
18% for a sharp tool with standard calibration. A grouping approach is used
successfully for online calibration for the nozzle ring, a part which is challenging
because the cutting geometry varies greatly between tool moves and the tool
move distances are short. The relative error for online calibration is less than
20% for most cases, but much larger for others. A first order filtering of the model
estimated power to approximate the sensor time constant is shown to improve
power estimation for the online calibration results.
A new approach of calibrating tangential model coefficients and tare
power at the same is proposed, which eliminates the need of the tare power
measurement, making it more practical.
Model calibration

based

on cutting

power only yields tangential

coefficients. To estimate the resultant cutting force, we also need to obtain the
normal coefficients.
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Tool move grouping was implemented to handle the combination of short
tool moves and the power sensor delay. The grouping criteria selected for the
test part may be imperfect and does not work well for other parts. For instance,
the averaging of large tool move groups will reduce the variety of cutting
conditions for use in calibration and may cause the Gg matrix in Equation A. 14
(See appendex C) to be ill-conditioned.

6.1.3 Feedrate Selection
Test cases illustrate how models and sensors can be combined to select
machining conditions that will produce a good part on the first try. The grouping
approach for on-line calibration allows the SMS to fine tune model coefficients,
which can then be used to improve production efficiency as the machine “learns”
its own capabilities.
As the cutting power model coefficients are obtained from either an off-line
standard calibration test or an on-line grouping approach, cutting power for each
tool move can be estimated. A simple but fast feedrate selection program is
implemented to optimize feedrate based on average cutting power. Feedrate
optimization based on peak tangential force is also implemented, which is more
time consuming but an improvement in limiting peak forces. Both methods have
shown promising results by decreasing cycle time and maximum force loads.
With full vector force measurements, the normal as well as tangential
coefficients can be calibrated and improved force predictions can be performed.
A more advanced feedrate selection planner has been created to choose the
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fastest possible feedrates subject to constraints which are related to part quality,
tool health and machine tool capabilities. NC part programs are processed one
tool move at a time by the planner. For each tool move a geometric model
calculates the cut geometry. A feedrate selection algorithm then chooses the
fastest possible feedrate subject to constraints on maximum chip thickness,
maximum resultant cutting force, and surface finish requirements. The feedrate is
written into the part program resulting in a file that contains a feedrate for each
tool move. In addition, the process simulator indicates the amount of time the
feedrate is limited by chip thickness (tool health), maximum feedrate (surface
finish), and cutting force (tool health and part tolerance). A process planner can
use this information to make intelligent decisions which improve productivity and
part quality.
A feedrate smoothing procedure is implemented to consider the machine
acceleration and deceleration capability. Excessive changes in the feedrate are
modified to make sure the feedrate change between two consecutive tool moves
does not exceed the machine capability. The feedrate smoothing procedure
makes sure the machine can reach the required feedrate at the end of the tool
move; however, in the case of decelerating, the machine needs to slow down at
the end of the previous tool move. The smoothing procedure needs to be
improved in order to satisfy this criterion.
The surface quality estimation in this research does not take tool runout
and deflection into account. In reality, these two factors may be critical, especially
for finishing cutting and therefore will greatly affect the optimized feedrates.
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6.1.4 Tool Condition Monitoring

The power ratio and the model coefficients are shown to be useful for tool
condition monitoring. The power ratio increases as the tool wears out; however,
the increase is not consistent for different cutting conditions. Experimental results
show that the model coefficients also change with tool wear. As the model
coefficients are independent to cutting geometry, the changes in the model
coefficients are more useful, in that
breakage, while

K Te

K tc

will increase with edge chipping and

will increase as the flank wearland expands.

For tool condition monitoring using model coefficients as indicators, we
need to get accurate model coefficients. For model calibration with the least
square fit method, a see-saw effect can be an issue, where one of the two model
coefficients, e.g.,

KTC,

goes up and the other, e.g.,

KTe ,

goes down while still

providing a good estimation of cutting power. This can potentially cause false
alarms for tool condition monitoring.

6.2 Future Work
In the SMS testbed, we have successfully integrated a geometric model of
the workpiece, power and/or force models, with a variety of sensors into an OAC
to provide real time feedrate selection and tool condition monitoring. NCML is
developed to improve data transfer and communication between the design and
manufacturing stages of the machining process, also it includes a cost estimator.
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Currently the SMS writes an NCML record of each machining operation
and it does have the ability to read NCML. However, the system does not use
this information at present. The information contained within NCML has the ability
to provide information to calibrate tool wear models, determine proper spindle
speed, provide data to cost estimation systems, and provide historical machining
data to any stage of a machining process.
An analysis tool can be developed to automatically extract historical
information (model coefficients, tool life, etc.) from NCML files and save them.
With this information a CNC machine would be able to easily recall past
calibration results without reopening and reanalyzing all of the data from past
operations.
Although we continue to pursue methods to eliminate the force sensor,
which is typically intrusive and expensive, unfortunately, the normal coefficients
still require force measurements. In theory, the feed drive motor power should be
helpful, but the low signal to noise ratio makes it much less favorable. It is worth
to pursuing the use of non-invasive new sensors for direct or indirect force
measurement.
For model calibration with least square fit method, the see-saw effect is
more of an issue when the factors in the model are linearly dependent. For our
case, it is usually true that Q goes up as A increases. Statistical techniques,
such as ridge regression and/or principal component regression, may be helpful.
For online model calibration, tool move grouping is implemented to handle
changing cutting geometry and short tool moves. Further investigation needs to
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be performed to identify the effects of the power signal delay. The proper
grouping criteria need to be determined to consider machine dynamics, when is a
proper time to start and end grouping and how long the group distance is
sufficient. Decision logic is also required on when and how often to calibrate, how
much data is necessary to yield reasonable calibration results, etc.
Feedrate optimization based on cutting power has shown promising
results by decreasing cycle time and force loads. Further efforts are needed to
identify the effects on tool life and surface quality related to feedrate change.
Using the edge effect tangential force model for feedrate optimization can
generate unrealistic feedrates, e.g., the feedrate is less than zero for some cases
because the estimated edge force is greater than the allowed force. Some more
work needs to be done to address this issue. A possible solution may be to use a
simple MRR model for such cases. In addition, feedrate selection based on
cutting power is not necessarily the optimal feedrate. The force loaded on the
tool is the final reference because it directly affects tool stress, tool deflection,
and more important, part quality.
Feedrate optimization generates a feedrate for each tool move. It may
cause problems if these optimal feedrates are applied directly because infinite
machine acceleration and deceleration capability is assumed. In reality the
feedrate changes continuously, and a practical feedrate planner needs to take
machine dynamics into account so that the feedrate can drop to the desired
value before next tool move starts. This problem may be solved by looking ahead
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one or more tool moves and slowing down before hand in case of machine
deceleration.
Experimental results show that the power model coefficients can be good
indicators for tool wear. Tests need to be extended to different type of tools,
workpiece materials and cutting geometries. Quantifying the relationship between
the model coefficients and specific tool wear types is necessary to develop a
more robust TCM system. Preliminary test results show that the contact
microphone signal may provide more information on tool wear. Further tests
need to be done and a mathematical model created based on the experimental
data.
There is still a great deal of work to be done in dynamic effects such as
chatter detection and prevention, post-machining inspection and machine tool
health diagnosis. Chatter predictions, in the past, have been limited to constant
depth cutting conditions. Recently, time domain simulations have been discussed
with the availability of very effective and fast analytic theories [Davies 2000]. With
a time domain simulation Merdol et al. show that forced vibrations can seriously
influence stability [Merdol 2004]. These efforts may be integrated with our
advanced NC verification work that provide the necessary information on the
variable cutting conditions at the tool tip over an entire NC part program.
Ultimately, we need to know how the part quality is affected by the
machine dynamics. Tool runout and deflection will change both the part
dimensional accuracy and the surface finish. We have a force model that takes
runout and deflection into account. However, the current model assumes static
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not dynamic deflection. Further efforts should be put into force model
improvements by including dynamic tool deflections.
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APPENDIX A SPINDLE MOTOR CHARACTERIZATION EXPERIMENT
REPORT
1. Experiment Purpose
Use a dynamometer to characterize the FADAL EMC machine and get
accurate cutting power based on LCI power sensor data and spindle speed.
Note: This experiment is done by Caron Engineering by using their torque
dynamometer to characterize our CNC spindle motor on Jan. 18, 2007.
2. Experiment Setup
Actual cutting power is the most critical parameter for power model
calibration. In order to get accurate cutting power, an experiment is designed to
characterize the machine performance. The setup is shown in Figure A-1. A
dynamometer is attached to the spindle motor so that the output torque can be
measured. A LCI power sensor is used to measure the electrical input power Pe.
The range of LCI power sensor is set to output 10 volts at 5hp.

Spindle
Motor

'

Coupler

Dynamometer

Figure A-1 Motor characterization experiment setup
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The experiment is done at different spindle speed (every 50rpm from 200
to 700rpm, then every 100rpm from 800 to 1800rpm). At each spindle speed,

6

points are taken at about every 25in.lbf from 25in.lbf to 150in.lbf. For each point,
actual torque loaded on the dynamometer and electrical power input to the motor
are measured.
3. Experiment Results and Discussion
The results are show in Table A-1. The first three columns are spindle
speed, measured torque and output voltage from LCI power sensor respectively.
The forth column is the output mechanical power calculated from measured
torque and spindle speed which will be the available cutting power during actual
machining. The fifth column is the power value converted from the power sensor
output which is the electrical input power.
Table A-1 Machine characterization experiment results
Spindle
Speed
(rpm)

Torque
Measured
(in.lbf)

200
200
200
200
200
200
250
250
250
250
250
250
300
300
300
300
300
300

24.0
49.0
73.6
100.0
125.3
150.3
24.3
49.7
74.8
99.5
125.0
149.4
24.0
49.4
74.2
99.4
124.1
149.3

Output from
Power
Sensor
(mv)
414
611
813
1054
1311
1583
483
714
965
1226
1530
1831
549
833
1120
1434
1769
2129

Output
mechanical
power (hp)

Input
Electrical
Power (hp)

0.076
0.156
0.234
0.317
0.398
0.477
0.097
0.197
0.297
0.395
0.496
0.593
0.114
0.235
0.353
0.473
0.591
0.711

0.207
0.306
0.407
0.527
0.656
0.792
0.242
0.357
0.483
0.613
0.765
0.916
0.275
0.417
0.560
0.717
0.885
1.065
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(Tab eA-1 Continued)
350

24.0

615

0.133

0.308

350

49.4

944

0.274

0.472

350

74.3

1275

0.413

0.638

350

99.5

1627

0.552

0.814

350

124.3

2008

0.690

1.004

350

149.3

2405

0.829

1.203

400
400
400
400
400
400
450
450
450
450
450
450
500
500
500
500
500
500
550
550
550
550
550
550
600
600
600
600
600
600
650
650
650
650
650
650
700
700
700
700

24.0
49.4
74.4
99.3
124.1
149.9
24.2
49.3
74.3
99.2
124.8
149.1
24.0
49.4
74.4
99.3
124.8
149.1
23.9
49.4
74.3
99.4
124.2
149.2
23.8
49.4
74.3
99.3
124.1
149.9
24.2
49.5
74.3
99.2
124.8
149.1
24.0
49.5
74.4
99.3

676
1048
1417
1804
2223
2678
742
1146
1558
1988
2459
2918
809
1264
1718
2190
2709
3205
871
1373
1865
2385
2924
3480
933
147l|
2014
2573
3156
3776
1012
1588
2165
2763
3407
4018
1067
1690
2312
2953

0.152
0.313
0.472
0.630
0.788
0.951
0.173
0.352
0.531
0.709
0.891
1.065
0.190
0.392
0.590
0.788
0.990
1.183
0.209
0.431
0.649
0.867
1.084
1.302
0.227
0.470
0.708
0.945
1.182
1.427
0.250
0.510
0.766
1.023
1.288
1.537
0.267
0.550
0.826
1.103

0.338
0.524
0.709
0.902
1.112
1.339
0.371
0.573
0.779
0.994
1.230
1.459
0.405
0.632
0.859
1.095
1.355
1.603
0.436
0.687
0.933
1.193
1.462
1.740
0.467
0.738
1.007
1.287
1.578
1.888
0.506
0.794
1.083
1.382
1.704
2.009
0.534
0.845
1.156
1.477
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(Tab eA-1 Continued)
700

124.1

3610

1.379

1.805

700

149.0

4284

1.655

2.142

800

24.1

1192

0.306

0.596

800

49.4

1889

0.628

0.945

800

74.5

2593

0.946

1.297

800

99.1

3304

1.257

1.652

800

124.0

4041

1.574

2.021

800
900
900
900
900
900
900
1000
1000
1000
1000
1000
1000
1100
1100
1100
1100
1100
1100
1200
1200
1200
1200
1200
1200
1300
1300
1300
1300
1300
1300
1400
1400
1400
1400
1400
1400
1500
1500

149.1
24.0
49.0
74.5
99.4
124.1
149.8
24.4
49.5
74.7
99.4
124.0
149.3
24.2
49.9
74.6
99.4
124.2
149.3
24.3
50.0
74.5
99.6
124.3
149.2
23.7
49.9
75.0
99.5
123.7
149.5
24.0
49.4
74.8
99.6
124.4
149.6
24.1
49.5

4790
1317
2084
2895
3701
4507
5378
1438
2299
3166
4041
4913
5839
1553
2510
3455
4410
5378
6381
1663
2697
3721
4761
5801
6874
1731
2882
3995
5109
6216
7415
1878
3035
4270
5448
6656
7911
1968
3240

1.893
0.343
0.699
1.064
1.420
1.772
2.139
0.387
0.785
1.184
1.577
1.968
2.368
0.422
0.870
1.302
1.736
2.168
2.606
0.463
0.951
1.418
1.896
2.367
2.842
0.488
1.029
1.547
2.052
2.552
3.083
0.534
1.097
1.662
2.212
2.763
3.322
0.573
1.179

2.395
0.659
1.042
1.448
1.851
2.254
2.689
0.719
1.150
1.583
2.021
2.457
2.920
0.777
1.255
1.728
2.205
2.689
3.191
0.832
1.349
1.861
2.381
2.901
3.437
0.866
1.441
1.998
2.555
3.108
3.708
0.939
1.518
2.135
2.724
3.328
3.956
0.984
1.620
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(Tab eA-1 Continued)
1500

74.8

4542

1.780

2.271

1500

99.6

5800

2.371

2.900

1500

124.5

7078

2.964

3.539

1500

149.2

8397

3.550

4.199

1600

24.2

2085

0.615

1.043

1600

49.7

3422

1.261

1.711

1600

74.9

4814

1.903

2.407

1600

99.5

6148

2.526

3.074

1600

124.5

7506

3.160

3.753

1600

149.1

8895

3.785

4.448

1700
1700
1700
1700
1700
1700
1800
1800
1800
1800
1800
1800

23.9
49.0
74.7
99.7
124.6
148.8
24.5
49.9
74.5
99.8
124.7
149.6

2163
3566
5065
6516
7951
9407
2302
3804
5316
6836
8357
9931

0.643
1.321
2.015
2.689
3.361
4.012
0.699
1.426
2.127
2.851
3.560
4.272

1.082
1.783
2.533
3.258
3.976
4.704
1.151
1.902
2.658
3.418
4.179
4.966

Q.
X

3
QJ
C
O

4 -1

_Q

CD

<5

2.5

3.5

Electrical input power measured from LCI (HP)

Figure A-2 Available cutting power vs input electrical power at 1800rpm
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For each spindle speed, a curve can be generated by plotting the
available cutting power vs the electrical input power. We can see the curve is
quite linear at every spindle speed. Figure A-2 is the curve at 1800rpm.
The available mechanical power Pm can be calculated by multiplying the
electrical input power Pe with motor efficiency r|e. During machining, the
mechanical power Pm includes two components (refer to Equation 3.16): 1) Pf,
the power to overcome the mechanical friction in the motor and drive system and
2

) Pc, the available cutting power which is actually used to machine the part.

Rearrange Equation 3.16, we can get,

Pc=P.*n.~Pf

(A-1)

From the above equation, assuming the frictional losses are constant for a
given spindle speed, we can see the plot of Pc vs Pe should be a line and the
slope of this line is r|e. Figure A-2 confirms this. Based on Equation A.1, when Pe
is zero, Pc equals to -Pf, which corresponds to the intercept between the line and
y axis in Figure A-2. When the spindle motor runs at a constant speed without
cutting any material, Pc equals to zero, the measured electrical input power is
tare power. From Equation A.1, Pc equals to zero, Pe equals to Pf/r|e, which
corresponds to the intercept between the line and x axis.
After plotting similar figures to Figure A-2 for different spindle speed, we
can get the slope of each line, which is the electrical motor efficiency at each
spindle speed. Table A-2 shows the motor efficiency data for each spindle speed.
We can then fit a polynomial based on these data and later the motor efficiency
for any spindle speed can be calculated from Equation A.3 which is based on the
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coefficients of the 4th order polynomial. Figure A-3 shows the motor efficiency
curve and the fitted polynomial curve.
Tabfe A-2 Motor efficiency data at certain spindle speed
Spindle Speed (rpm) 200

250

300

350

400

450

500

550

600

650

700

Motor Effieicney (%) 68.4

73.3

75.4

77.8

80.0

82.0

82.8

83.8

84.5

85.6

86.3

Spindle Speed (rpm) 800

900

1000 1100 1200 1300 1400 1500 1600 1700 1800

Motor Effieicney (%) 88.1

88.4

90.1

90.5

91.3

91.3

92.4

92.8

93.1

93.0

93.7

—
Motor efficiency
—0 - 4th order polynomial fit
.a 80

200

400

600

800
1000
1200
Spindle Speed (rpm)

1400

1600

1800

Figure A-3 Motor efficiency curve
rle =

-1.479*1(T13 * w A + 7.170*10”10 * w 3 -1.297 *10~6 *w 2 +0.001 *10_1° *w + 0.520

(A. 3)
From Equation A.1, the change in Pc is proportional to the change in Pe,
which can be represented by Equation A.4.
APC=A Pe* Ve

(A.4)
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Where APCand APe are the change in Pc and Pe respectively. Now that
we have motor efficiency ne for any spindle speed, APCcan be simply calculated
with Equation A.4. During the actual cutting test, the tare power Pt is measured
before when Pc is zero. After measuring the electrical input power Pe for any
case which is machining material, the actual cutting power can then be
calculated with Equation A.5.
P c

= ( P e - P

(A.5)

t ) * V e
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APPENDIX B MODEL CALIBRATION TO GET NORMAL COEFFICIENTS
FOR FLAT END MILL BASED ON MEASURED FORCE
As (3 equals to zero for flat end mill, Equation 3.5 is simplified to Equation
A.6 , which is similar to Equation 2.91 in the book of Altintas [Altintas 2000],
^(0) = Z

Z I _A/ V cos ^-A /vs in ^}

;= l

./= l

1=1

j= i

Z i-A f,}

(A.6)
When integrating the above equation over one revolution, we can get
Equation A.7 for the expression of average force in X Y and Z direction (Refer to
[Altintas 2000] page 41-46 for detail derivation).
Fx =C l - f, ■K tc + C 2 - K te+ C 3 ■f t ■K rc +C4 - K re
Fy ~ - C 3 ■/ ' • K rc - C4 ■K te + C r f, ■K kc + C2 - K ^
Fz = - C 4 • / , -K ac + C 5- K ae

Where Ci,

C 1=

C2, C3,

8 -7t

c

2

=-

c

3

= -T

c

4

=

’

2 •n

C4, C5 is expressed in Equation A.8 .

( C0S( 2 ‘ te l ) - C0S(2 • 4>st ) )

• ( s in ( ^ ) - sin(^1()

N

a
-------(2 ■</>ex - 2 • <f>sl + sin(2
8 -n
2 • 7t

(A.7)

■( c o s ( ^ ) -

sin(2 • (j>st))

cos(^.,)

(A. 8 )

2-71
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With the expression of average force in X and Y direction in Equation A.7,
we can calibrate

K Tc , K t e , K r c , K r e

C ,-/,
~C3' f t

with least squares fit method. In matrix form,

C2 C , - f,
-C,

K TC
K TE

c,

cr f

C2

K rc
K re.

= [Gxy][Kxy\

(A.9)

(A. 10)

xy

Where the Gxy matrix is defined by cutting geometry, and F is the
measured average force in X and/or Y direction.
Similarly with the expression of average force in Z direction in Equation
A.7, we can calibrate

Ka c , K ae

with least squares fit method. In matrix form,

K ac

= [Gz][K2]

(A.11)

k ae

K , = f c , T G ,]'G ,r F,

(A. 12)

Again, the Gz matrix is defined by cutting geometry, and Fz is the
measured average force in Z direction.
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APPENDIX C MODEL CALIBRATION BASED ON TOOL MOVE GROUPS
The estimated energy consumed for these tool moves can be calculated
by integrating estimated power over time. The average power for the tool moves
group is computed by dividing the estimated energy by total cutting time of tool
moves in the group. The power ratio between the average measured power and
average estimated power for the group tool moves is used to monitor tool wear.
Assume there are n tool moves in a group, for the ith tool move in this
group, from Equation 3.13, the average cutting power Pi can be determined:
P^ K n - a + Kn-A,
•

(A. 13)

•

Qt and Ai is the material removal rate and contact area rate for the ith tool
move respectively.
Assume ti is tool move time for the ith tool move which can be calculated
by dividing the tool move length by feedrate, the cutting energy for the the ith tool
move Ej is,
E i =Pr tl

(A. 14)

The estimated average cutting power of the group Pavg is therefore,
f,E ,

it,
i

£ /> •(,

=
i

1>,

f I ( K n. - Q r t , + K m - A r t , )

= “ ------------- ;-------------------------

it,
i

The above equation can be rearranged as follows.
P g ro u p

=KTC-Qg+KTE-Ag

(A. 16)
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(A.15)

Where Qg and Ag is the average material removal rate and the average
contact area rate of the tool move group respectively. They can be represented
with Equation A. 17 and A. 18.

.

.

la -'.

Q ,= ^ r—

(A. 17)

(A. 18)

^ = -4 —

1

In matrix form,
[LPgroup ]J = a

KTC
a

= [Gg][K]

(A. 19)

TE

group

The

G g

matrix is defined by cutting geometry, and

(A.20)
P g r0 up

is the measured

average power for one tool move group.
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APPENDIX D USAGE OF PREDATOR FRA TOOLKIT
The Predator FRA SDK is implemented as a standard Active Template
Library (ATL) based on the Predator VirtualCNC 6.0 [Predator VCNC] files. The
ATL will accept the VirtualCNC JOB file format.
FRA specific options can be either set through ATL calls or read from a
separate ASCII file. This file will contain parametric information to define model
resolution as well as tool move subdivision and tool slicing parameters. The
subdivision of the movements allows a more precise and detailed information for
the cutting conditions along the toolpath. User can either choose default settings
or use some flexible settings which can be related to the tool diameter or fixed
value. Using finer settings will provide more accurate results but it also makes
the processing time longer.
Five data structures are applied to save information during the process.
The MACHINEDATA structure provides information about the machine type
being used in the current job. The STOCKDATA structure provides information
about the stock and the TOOLDATA structure provides information about the
tool. The MOVEDATA structure provides information about one single tool move.
The SUBMOVEDATA structure provides information about every subdivision of
a one single tool move. It provides information regarding the tool movement itself,
and the information gathered from the tool slicing. Tool slicing strategy is defined
beforehand and applies to every sub-movement.
FRA output data will be written to a binary file. The amount and nature of
the output data makes necessary a binary format with some sort of packing
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algorithm since size and access time are much favorable. In the output data file,
a series of information blocks of SUBMOVEDATA will follow a MOVEDATA data
block. Each SUBMOVEDATA block refers to every subdivision of the tool move
according to the chosen movement subdivision option.
Specific access routines are provided for easy data retrieval from such
output files. A sample container application, which is generated with the AppWizard in Microsoft Visual C++ IDE, is supplied by Predator to demonstrate the
use of the FRA.
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